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Abstract: The United Nations Sustainable Development Goals (UNSDGs) elaborately promote
“sustained, inclusive, and sustainable economic growth, full and productive employment, and decent
work for all” (Goal 8: SDGs). Considering that there has not been any cross-country comparison of the
role of intellectual capital in career success, this study examines the nexus between intellectual capital
and career success through the channels of income inequality, information, and communication
technology from 1997 to 2018 for six European Economic Area (EEA) countries with high human
development index (HDI). Using the Pooled Mean Group Autoregressive distributive lag model,
results show that there is a positive and linear relationship between intellectual capital, income
inequality, information and communication technology, and career success in the long run. Findings
from the causality test reveal there is one-way causality running from information and communication
technology and career success as well as intellectual capital to career success. These findings suggest
that intellectual capital is important for career success; therefore, policymakers need to invest in
developing and improving intellectual capital to ensure objective career success among the nationals.

Keywords: career success; technology; PMG-ARDL; income inequality; intellectual capital

1. Introduction

The subject of sustainability continues to gain attention because of the United Nations
Sustainable Development Goals (SDGs) 2030 agenda that was launched in 2015. It concludes
with universal and global indicators for international cooperation as well as collaboration
with the private sector, multilateral institutions, civil society, and governments (Secundo
et al. 2020). The SDGs aim to find effective solutions and multidisciplinary approaches to
some complex issues and challenges such as food security, ecosystem resilience, migration,
pollution, climate change, energy, etc. (Birtchnell et al. 2017). Following this discourse, some
scholars have considered human development (Waldmüller et al. 2019) and intellectual
capital (Suciu and Năsulea 2019) as important links needed to fulfill the SDGs. Studies such
as (Suciu and Năsulea 2019) have maintained that intellectual capital is the most important
and prevailing driver of inclusive, sustainable, smart social and economic development.
Achieving sustainability is dependent on social innovations and technology (Sheikh 2021),
and a relationship between social innovation has been linked with intellectual capital
(Sheikh 2021) and employability (which results in career success) (van der Heijde and van
der Heijde and van der Heijden 2014).

Intellectual capital, within the modern knowledge economy (Cinquini et al. 2012),
indicates the transition to competitive, innovative, and sustainable development (Martins
et al. 2019). People are considered the “engine” of sustainable development growth because
the skills they possess are crucial resources to the economy. Intellectual capital is a set
of proficiencies and experiences of employees in an organization/country, which has the
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potential for long-term profit for the organization/company (Alvino et al. 2020). Intellec-
tual capital helps in long-term value creation (Ali and Anwar 2021) which is crucial for
sustainability (Ali and Anwar 2021) in the furtherance of people’s well-being and economic
development which is in line with the sustainable development goals.

Technology plays an important role in knowledge dissemination (Cinquini et al. 2012)
because it helps in maximizing the exchange of information (Bhatti et al. 2021). Furthermore,
knowledge mobilization in all sectors of environmental, economic, and social spheres has
become a very important tool that also helps in the creation of a more sustainable future.
Technology also increases employee productivity (Al-Nashmi and Amer 2014) as well as
seeking strategic solutions that consider sustainability to ensure competitive advantage. To
promote sustainable and inclusive economic growth, the role of technology and technology
access cannot be neglected because it helps in integrating expertise and information, thereby
increasing profitability (Arias-Pérez et al. 2021).

Considering that the human development index (HDI) is one of the more complex
composite assessments of the level of human potential and quality of life, this study fills
the gap in the literature by contributing to the theory of intellectual capital by exploring
a cross-country investigation of the relationship between intellectual capital, technology,
income inequality, and career success of six countries (Norway, Iceland, Germany, Sweden,
Denmark, and the Netherlands) ranked as countries with very a high human development
index (HDI) by United Nations Development Programme (UNDP) (United Nations Devel-
opment Programme Reports and Publications 2021). Several studies have been carried out
to determine the antecedents of career success and factors such as social capital, human
capital, and career capital competence were revealed (Guo et al. 2012; Valk et al. 2014); how-
ever, these studies have carried out the study using primary data and have not considered
this at a national level. Furthermore, previous studies on intellectual capital and career
success have not included income inequality variables, therefore, this contributes to the
body of literature.

As such, the following research questions: (1) How does intellectual capital and tech-
nology affects objective career success? (2) Does income inequality alleviate or abate the
relationship between intellectual capital, career success, and information and communi-
cations technology? To answer these questions, this paper considers the aforementioned
variables of six countries with a high human development index between 1997 and 2018.

The rest of this study is structured as follows, Section 2 details the review of the past
literature, Section 3 describes the method and data analysis, Section 4 entails results and
discussion, and Section 5 presents the conclusion, and practical and theoretical implications
of the study.

2. Literature Review
Intellectual Capital, Technology, and Career Success

Modern processes of economic systems’ transformation in the direction of the “knowl-
edge economy” (the new digital economy) stimulate an increasing understanding of the
importance of intellectual capital, which increases both the potential for technological
development of the economy and the potential for personal growth and career success.
The intellectual factor’s growing importance contributed to the gradual implantation of
the intellectual capital parameters into the sphere of its influence on the effectiveness
of managing innovative economic and personal career development studies. Given the
diversity of research problems, their relationship with various aspects of the functioning
of the economic system at the micro and macro levels, as well as career management, it
should be noted that certain aspects of this topic were studied both within the framework
of conceptual approaches to disclosing the role of human capital and from the perspective
of the intellectual capital concept.

In the previous authors’ works, an original comprehensive approach to modeling the
processes of accumulation and productive use of human capital in the interests of the devel-
opment of the economy and the individual has been proposed (Lazareva et al. 2018). When
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implementing this approach: the methodology for the formation of management strategies
that ensure the balance of interests of economic entities in the processes of human resources’
reproduction has been substantiated (Lazareva et al. 2020a); economic–mathematical mod-
els based on the specification of latent interactions between the level of human capital
accumulation and the rate of subjects’ development have been proposed (Lazareva et al.
2020b); and factors—characteristics of human capital that determine the level of innovative
activity of economic entities—have been revealed and ranked by econometric methods
(Anopchenko et al. 2015).

Novation of the authors’ approach is based on the methodological foundations of
the heuristic need to integrate the four-sector model of human capital as a social resource
component of innovative development of the economy into the management system.
Components (sectors) of the model proposed by the authors characterize the quality of the
individual human capital, the standard of living, the quality of the social sphere, and the
environment. Previous studies from the perspective of the intellectual capital concept have
addressed the importance of intellectual capital on constructs such as entrepreneurship
(Crupi et al. 2020), organizational behavior outcome variables (Hasan 2021), organizational
performance (Sutrisno 2021), and environmental performance (Mansoor et al. 2021).

Different studies explore a variety number of factors affecting career success. Some
studies consider such objective and subjective aspects of career success as Human Resource
Management (HRM) practices (compensation, performance appraisal, training, and devel-
opment) and personal career motivation (Dabić et al. 2020). Other researchers describe the
relationship between human capital development practices and subjective career success
and conclude that the main factor in the relationship between development practices and
the salary level is the level of the country’s development (Bagdadli et al. 2021). Furthermore,
it is noteworthy to mention the research about career adaptability and career success in the
conditions of a broader career resources framework which showed that career adaptability
resources are strongly correlated with other types of career resources, but different facets of
career success are conditioned by career adaptability (Haenggli and Hirschi 2020). Analysis
of factors influencing objective and subjective career success shows the impact of individual
competencies on objective career success, while personal networks were more important
for subjective career trajectories Haenggli and Hirschi 2020).

Researchers from Slovakia consider human capital as an obtainable competitive ad-
vantage in HRM (Hitka et al. 2019). The study confirmed the hypothesis that the higher
the education level of employees, the higher their career expectations and requirements.
The link between socially responsible HRM and intellectual capital is also analyzed in the
research of scientists from Spain (Barrena-Martinez et al. 2019). Some studies mention
gender inequality and imbalance in the development of the careers of men and women in
some regions and some jobs (Silva et al. 2021) and other gender patterns of professional
success and satisfaction in career development (Sanchez-García and Suárez-Ortega 2021).
Another study considers typology and analysis of gender and career success considering
an unequal attributes framework (Frear et al. 2019).

A lot of studies consider personal qualities in career success, for example, the impor-
tance of the emotional intelligence ability of workers (Sanchez-Gomez et al. 2021), emotion
recognition ability (Kranefeld and Blickle 2021), or the role of hardiness and psychological
capital (Pordelan and Hosseinian 2021). Other authors consider organizational support as
an antecedent for career success, which can manifest itself in organizational culture (Ichim
2020; Lasisi et al. 2019, 2020), and the competitive psychological climate in an organization
(Spurk et al. 2021). The importance of intellectual capital in the formation of added value
has grown significantly due to the transformation of the manufacturing economy into
the knowledge economy (Salvi et al. 2020). There are also more global factors such as
the sustainable impact of sociocultural norms, state support programs at the federal and
regional levels, as well as digitalization on career satisfaction of employees at different
positions (Hud̄ek et al. 2021).
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Another field of study is considering the career development trends in self-employment
and career success (Koch et al. 2021). The role of intellectual capital is the focus of a lot
of studies. Some of them see intellectual capital as a key factor for technological sus-
tainable development (Secundo et al. 2020). Another study considers how intellectual
capital provides strong relationships between organizational capabilities and productiv-
ity (Huang and Huang and Huang 2020). Intellectual capital is a backbone resource for
an organization that stimulates the growth of market value and strengthens sustainable
competitive advantages (Gross-Gołacka et al. 2020). Strong interrelationships among intel-
lectual capital, knowledge management infrastructure, knowledge management process,
and organizational performance form a system of interaction in the context of career success
(Abualoush et al. 2018).

A study analyzed the relationship between organizational trust and intellectual capital
and its impact on achieving the requirements and strategic directions of the company’s
development, based on collected data from open sources, as well as using a questionnaire
for a sample of 64 managers of the Korek telecommunications company (Hasan 2021). It is
also should be mentioned that in India positive trend coefficients were found in most of
the sectors of the economy analyzed in the research on the status and trend of intellectual
capital (Sharma and Dharni 2017). The results of the study prove the fact that intellectual
capital has a steady upward trend due to the increase in the size of the organization. The
role of e-HRM and Performance Pay in understanding the relationship between intellectual
capital and organizational performance is also an object of some studies (Lazazzara et al.
2020). Several studies have argued that intellectual capital is the main driver of economic
production and a key aspect of sustainable and inclusive socioeconomic development
(Suciu and Năsulea 2019; Matos and Vairinhos 2017). In the context of achieving sustainable
development goals, information and communication technologies (ICTs) play a significant
role as an element of intellectual capital (Steinfield et al. 2010; Allameh 2018).

Some studies analyze the effect of technology on career success considering the de-
mographic predictors of career success and proposing that technological development is
critical in removing barriers for different demographic groups that have historically faced
them (Fadil et al. 2009). For instance, (Roztocki et al. 2019) describe a conceptual framework
that takes into account the four factors—policy, business, technology, and society—that
have an effect on socioeconomic development. They argued that technology transforms
how organizations run, which has a significant impact on commercial base and business
operations, which consequently affects the objective career success of their employees.
Furthermore, a study by (Chatterjee 2020) demonstrated that ICT applications such as the
Internet and mobile phone along with financial inclusion can increase the growth per capita,
which was corroborated by (Aghion et al. 2019). Furthermore, (Baranik et al. 2021) found
that with increased use of the Internet, there was an increase in income level. This indicates
that with ICT, individuals can achieve high skill levels through knowledge that is accessible
via the Internet. Furthermore, individual decisions and choices (e.g., career choice, salary,
improved education, etc.) are influenced by the help of ICT (Pico-Saltos et al. 2023).

According to (Kocsis and Xiong 2022), income inequality is a multifaceted topic with
important measurements, definitions, and factors, which is commonly measured by income
in a region that goes to the top 0.1% or top 1.0% of earners. The Gini index of income
inequality is a widely used indicator of income inequality. The Gini index ranges from
0 (i.e., 0%) to 1 (i.e., 100%), with a value of 0 denoting perfect equality and 1 denoting
perfect inequality (Kocsis and Xiong 2022). Income inequality has been found to have a
negative economic, social, and psychological impact. For instance, opportunity disparity
is influenced by income inequality in two different ways. According to studies, when
looking at investments in human capital from a static perspective, the returns are not
the same for individuals with varied beginning wages. These discrepancies result from
an income disparity between the poor and the wealthy, which might widen over time
(Adermon et al. 2016). From a dynamic viewpoint, this income disparity might then last
for several centuries. Less educated parents typically have lower earnings in countries
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with more income inequality and typically lack the resources (e.g., finance, technology,
etc.) to make investments as freely and readily in their children’s human capital (Hu
2021). Due to environmental influences throughout childhood, the offspring of these
families also frequently have poorer endowments (Hyytinen et al. 2019). It is inevitably
“significantly more difficult for hardworking and talented individuals to earn the benefits
they due” as a result of rising income inequality in societies (Yu and Xu 2022). Rather
than reflecting individual decisions on the investment of human capital, occupational
outcomes increasingly depend on past and current inequities (Coen-Pirani 2015). Managers
are then more inclined to associate socially disadvantaged people with more undesirable
characteristics, such as lower competence and cognitive skills (Demirtaş-Madran 2020). As
a result, research has shown that people from lower socioeconomic backgrounds often face
challenges in reaching objective career success in organizations even though they may have
valuable intellectual capital (Pitesa and Pillutla 2019). Therefore, as discussed above and
depicted in Figure 1, we posit:

Hypothesis 1. Career success is a function of technology and intellectual capital.

Hypothesis 2. Income inequality moderates the relationship between (a) intellectual capital and
career success and (b) technology and career success.
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3. Materials and Methods
3.1. Data

Based on the United Nations Development Programme (UNDP)’s human development
index (HDI) ranking, this study used panel data from six countries (Norway, Iceland,
Germany, Sweden, Denmark, and the Netherlands) with high HDI from 1997 to 2018.
Data used were sourced from the World Bank Development Indicator. Panel data were
used for the purpose of controlling heterogeneity differences that could arise from the
different characteristics that are exhibited by the sample countries. Furthermore, panel data
were used because such data have less collinearity, have an extra degree of freedom, and
estimates have more variability, and efficiency, and are more informative (Werts et al. 1971).
The variables under consideration are career success, intellectual capital, income inequality,
and technology. GDP, GDP per person employed GDPPE, Research and Development (RD),
income inequality (GINI), and individuals using the Internet (INT) were used as proxies.
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Table 1 below gives a description of the variables used as well as their symbols, source, and
descriptive statistics. To reduce non-normality and heteroscedasticity, GDP and GDPPE
were expressed in logarithm form.

Table 1. Data description and statistics.

Variable Description Source

GDPPE GDP per person employed
(constant 2017 PPP USD) WDI

INT Individuals using the Internet (% of population) WDI

RD Research and development expenditure
(% of GDP) WDI

GDP GDP (constant 2010 USD)1 WDI
GINI Income inequality (Top 10% share) WID
GIRD Interaction of GINI and RD Authors’ computation
GINT Interaction of GINI and INT Authors’ computation

No. of observations: 132; time span: 1997–2018
Note: LGDPPE and LGDP are the logarithms of GDPPE and GDP while WDI is the World Development Indicator
of the World Bank, WID is World Inequality Database. GDP constant 2010 USD is used for the real GDP variable
which is calculated with a fixed or constant price to eliminate the price effect or inflation. Thus, in this study, we
obtained GDP constant 2010 USD from World Bank (World Bank 2010) database.

3.2. Model Specification

Several studies have been carried out to determine the antecedents of career success
and factors such as social capital, human capital, and career capital competence were
revealed (Guo et al. 2012; Valk et al. 2014); however, these studies have carried out the study
using primary data and have not considered this at a national level. (Shockley et al. 2016)
considered salary as an objective indicator of career success; therefore, this current study
uses GDP per person employed as a proxy for career success. Furthermore, several studies
(such as (Cristea et al. 2020)) have used research and development expenditure as indicators
of national intellectual capital. Similarly, studies (such as (Azam et al. 2021; Razzaq et al.
2021)) have used “individuals using the Internet” as an indicator for information and
communication technology. Furthermore, several studies (Asongu and Odhiambo 2019;
Behringer and van Treeck 2018; Masud et al. 2018) have used the Atkinson index and
Gini coefficient as an indicator for income inequality; therefore, this study used the GINI
coefficient as a proxy for income inequality such that:

GDPPE = f (RD, INT, GDP, GINI) (1)

GDPPE = F(INT, GDP, GIRD) (2)

GDPPE = f (RD, GDP, GINT) (3)

lnGDPPEi,t =∝ +β1RDi,t + β2 INTi,t + β3lnGDPi,t + β4GINIi,t + β5GIRDi,t+
β6GINTi,t + εi,t

(4)

3.3. Methodology
3.3.1. Unit Root Tests

One of the most common tests in the economic field is the panel unit root test, and this
is because of its higher power than that of the unit toot test, which tests for individual time
series. Panel unit root tests were used to identify the order of each variable’s integration.
For spurious regression to be avoided, the Augmented (Dickey and Fuller 1981) and the
Phillips and Perron (1988) tests were carried out. Successively, Pedroni’s (1999) and Kao’s
(1999) and cointegration tests were used to establish the long-term relationships among the
variables. The Pedroni (1999) cointegration test equation is stated below:

Xit = ϕitλi + ∂i + ϑi + µit (5)
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To ascertain if there is cointegration from the static long-run regression form, an
econometric test on the residual needs to be carried out, and the equation is stated below:

µit = Pµit−1 + yit (6)

The null hypothesis states that there is no cointegration between the variables and is
considered as pi = 1.

3.3.2. PMG-ARDL (Pooled Mean Group Autoregressive Distributive Lag Model)

The PMG-ARDL was used in this study to examine the long-run equilibrium rela-
tionships between intellectual capital, career success, technology, and income inequality
in six countries with high HDI. The PMG-ARDL is considered to be effective because it
uses the cointegration form of the ordinary (standard) ARDL model that (Pesaran et al.
1999) developed. Furthermore, the information criteria feature, which is enhanced, uses
automatic lag selection and has the capacity to reveal the short- and long-run models. The
PMG-ARDL is represented with Equation (7) below:

∆lnyi,t = ϕiECTi,t + ∑q−1
j=0 ∆lnXi,t−jβi,j + ∑p−1

j−1 ψi,j∆lnyi,t−j + εi,t (7)

where y denotes the dependent variable (GDPPE), X denotes the regressors (INT, RD, GINI,
GDP, GIRD, and GINT) with the same number of lags across individual cross-sectional units
i in the time t, ϕ symbolizes the adjustment coefficient, ε signifies the error term θ represents
the long-run coefficient that produces β and ψ estimates after reaching convergence, and ∆
denotes the difference operator.

3.3.3. Robustness Test

To ascertain the significance and robustness of the empirical estimation of the PMG-
ARDL, the study used the Pairwise Dumitrescu Hurlin causality test (Dumitrescu and
Hurlin 2012) which allows a heterogeneous panel setting the Granger non-causality within
the independent and dependent variables. Due to the fact that the T dimension (22) is
greater than the N dimension (6), the asymptotic distribution was used. Additionally, the
model is established on the Vector Autoregressive Model (VAR) and is also deemed suitable
for a balanced and heterogeneous pane. The linear model representation is stated in the
equation below:

Mi,t = ∑V
V−1 Z

(k)
i Mi,t−1 + ∑V

V−1 Y(k)
i §i,t−v + εi,t (8)

where M and Υ represent the sampled five variables’ pair match, k denotes the lag length,
Z(k)

i is the autoregressive component parameter, Y(k)
i symbolizes the coefficient of regression

which is acceptable to vary within the groups while εi,t is the error term. The test of causality
allows for heterogeneity.

4. Results

The synopsis of the descriptive statistics is stated in Table 2. It is expedient to establish
the fundamental dispersion and central tendency of the variables as well as how they
performed over the period under investigation (1997–2018). Table 2 indicates that GDP per
person employed has a minimum of USD 11.097 and a maximum (highest) of USD 11.76
while the minimum and maximum percentages of the population using the Internet are
6.71 and 99.01, respectively. All variables being considered are negatively skewed except
for GINI as well as research and development. A sample size panel of 132 observations was
used in this study with all series not normally distributed, except for GDP per employment
which is normally distributed; given this, the null hypothesis of normality is rejected.
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Table 2. Descriptive statistics.

LGDPPE INT RD GINI LGDP GIRD GINT

Mean 11.502 74.666 2.423 0.313 26.614 0.764 23.477
Median 11.521 84.925 2.408 0.309 26.804 0.719 26.645

Maximum 11.760 99.011 3.908 0.383 28.998 1.173 33.464
Minimum 11.097 6.711 1.456 0.268 22.922 0.452 2.105
Std. Dev. 0.137 24.875 0.631 0.026 1.679 0.224 8.119
Skewness −0.653 −1.191 0.304 0.969 −0.889 0.263 −1.077
Kurtosis 3.687 3.146 1.953 3.620 3.156 1.606 2.966

No. of observations: 132. Note: LGDPPE and LGDP are the logarithms of GDPPE and GDP while WDI is the
World Development Indicator of the World Bank.

Furthermore, a correlation matrix analysis was conducted to investigate the relation-
ship between the variables which is shown in Table 3 below. It was observed that the
relationship between GDPPE and individuals using the Internet, income inequality, GDP,
and GINT are positively significant but inversely significant with research and develop-
ment. With respect to individuals using the Internet, there is a positive and significant
relationship with research and development. Income inequality. GIRD and GINT but an
inverse but significant relationship with GDP. In the case of research and development,
there is a positive and significant relationship with other variables except for GDP where
the relationship is not statistically significant while income inequality has a positive and
significant while income inequality has a positive and significant relationship with all
variables. GDP is positively related to GIRD and GINT but the relationship is significant
for GIRD but not for GINT while the relationship between GIRD and GINT is positive
and significant.

Table 3. Correlation matrix.

Variable LGDPPE INT RD GINI LGDP GIRD GINT

LGDPPE 1.00
INT 0.42 *** 1.00
RD −0.29 *** 0.15 *** 1.00

GINI 0.19 *** 0.13 * 0.28 *** 1.00
LGDP 0.55 *** −0.11 0.05 0.42 *** 1.00
GIRD −0.20 *** 0.16 ** 0.96 *** 0.54 *** 0.18 ** 1.00
GINT 0.45 *** 0.97 *** 0.20 *** 0.37 *** 0.01 0.28 *** 1.00

***, **, and * represent significance levels at 1%, 5%, and 10%, respectively.

In econometrics analysis, it is pertinent to carry out a stationarity test to avoid spurious
regression. Table 4 displays the result of the ADF-Fisher and PP-Fisher unit root analysis.
It was observed that all variables were stationary and significant at 1%; therefore, since
the entire series became stationary at the first difference, we proceed to the cointegration
of the data. Based on Fisher’s (trace and max-Eigen) and Kao residual cointegration test
as shown in Table 5, the null hypothesis was rejected since the probability for Fisher’s
max-eigen and trace probability was significant. Therefore, the results that the variables
are cointegrated are accepted and we proceeded to examine the degree of cointegration by
using the PMG-ARDL as shown in Table 6.
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Table 4. Unit root.

Variable
ADF-Fisher PP-Fisher

Model Levels First Difference Levels First Difference

LGDPPE Constant 11.19 51.67 *** 13.52 75.50 ***
Trend 17.39 36.85 *** 14.77 64.29 ***
None 0.19 64.05 *** 0.06 63.28 ***

RD Constant 6.30 50.18 *** 6.68 54.60 ***
Trend 16.54 * 34.37 *** 10.04 41.81 ***
None 1.99 71.11 *** 2.00 78.16 ***

INT Constant 323.96 *** 45.34 *** 168.30 *** 33.57 ***
Trend 6.99 65.03 *** 13.33 56.66 ***
None 2.88 44.61 *** 0.88 47.55 ***

GINI Constant 14.71 87.06 *** 13.86 92.67 ***
Trend 11.45 67.23 *** 11.46 85.92 ***
None 3.92 122.55 *** 3.45 125.36 ***

LGDP Constant 7.89 46.73 *** 9.86 60.20 ***
Trend 18.02 * 28.59 *** 11.68 48.78 ***
None 0.06 46.83 *** 0.00 45.19 ***

GIRD Constant 3.16 74.37 *** 4.16 75.71 ***
Trend 17.13 * 55.06 *** 10.15 61.02 ***
None 2.57 91.37 *** 2.48 90.06 ***

GINT Constant 58.77 *** 38.66 *** 65.41 *** 45.17 ***
Trend 10.65 67.95 *** 4.67 67.90 ***
None 1.54 52.29 *** 0.91 57.80 ***

Note: *** and * indicate 1% and 10% levels of significance, respectively.

Table 5. Cointegration result.

Cointegration Statistics Value

1. Kao cointegration test −3.50 ***
2. Fisher cointegration (Trace Test)

None 8.32
At most 1 93.49 ***
At most 2 249.70 ***
At most 3 124.10 ***

Fisher cointegration (max-eigen test)
None 8.32

At most 1 93.49 ***
At most 2 165.60 ***
At most 3 67.30 ***

*** represent significance levels at 1%.

Table 6. Pooled mean group with dynamic autoregressive distributed lag [PMG-ARDL (1, 1, 1, 1, 1)].

Variable Model 1 Model 2 Model 3

Long run
INT 0.0041 (0.0009) *** 0.0018 (0.002) *** -
RD 0.1255 (0.0422) *** - 0.1087 (0.0423) ***

LGDP −0.3428 (0.2188) * 0.3252 (0.0398) *** −0.2098 (0.2185)
GIRD - −0.0181 (0.0321) -
GINT - - 0.0108 (0.0028) ***

Short run
ECT (−1) −0.1329 (0.0719) * −0.3034 (0.0897) *** −0.1328 (0.0795) *

INT 0.0001 (0.0001) 0.0001 (0.0002) -
RD −0.0287 (0.0035) *** - −0.0251 (0.0057) ***

LGDP 0.6848 (0.0915) *** 0.6125 (0.077) *** 0.6479 (0.0837) ***
GIRD - −0.0524 (0.0262) ** -
GINT - - 3.10 × 10−5 (0.0004)

Constant 2.6891 (1.4679) * 0.8437 (0.2332) *** 2.2192 (1.3411) *
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Table 6. Cont.

Variable Model 1 Model 2 Model 3

Norway
ECT (−1) −0.2626 (0.0041) *** −0.2492 (0.0087) *** −0.2350 (0.0068) ***

INT 0.0002 (1.38 × 10−7) *** 0.0008 (2.13 × 10−7) *** -
RD −0.0138 (0.0005) *** - 0.0019 (0.0008) *

LGDP 0.9113 (0.0241) *** 0.7746 (0.0341) *** 0.8450 (0.0412) ***
GIRD - −0.0564 (0.0083) *** -
GINT - - 0.0004 (1.64 × 10−6) ***

Constant 5.325799 ** 0.6998 (0.1299) *** 3.9490 (2.2275)

Iceland
ECT (−1) −0.0452 (0.0009) −0.3365 (0.0161) *** −0.0628 (0.0011) ***

INT 2.06 × 10−5 (3.17 × 10−7) *** −0.0002 (2.8× 10−7) *** -
RD −0.0249 (0.0002) *** - −0.0278 (0.0002) ***

LGDP 0.4838 (0.0066) *** 0.3363 (0.0113) *** 0.4612 (0.0064) ***
GIRD - −0.0809 (0.0013) *** -
GINT - - −0.0010 (1.47× 10−76) ***

Constant 0.8451 (0.2902) ** 1.2091 (0.2855) ** 0.9864 (0.1966) **

Germany
ECT (−1) −0.0054 (0.0006) *** 0.0025 (0.0029) 0.0163 (0.0006) ***

INT 0.0006 (1.56E−07) *** 0.0005 (1.5 × 10−7) *** -
RD −0.0296 (0.0009) *** - −0.0290 (0.0009) ***

LGDP 0.8019 (0.0006) *** 0.7717 (0.0058) *** 0.7921 (0.0068) ***
GIRD - −0.1632 (0.0069) *** -
GINT - - 0.0005 (1.6 × 10−6) ***

Constant 0.1061 (0.2789) −0.0075 (0.0119) −0.2812 (0.1630)

Sweden
ECT (−1) −0.0590 (0.0008) *** −0.5232 (0.0068) *** −0.0433 (0.0008) ***

INT −0.0002 (1.61× 10−7) *** −0.0009 (7.88 × 10−8) *** -
RD −0.0316 (0.0001) *** - −0.0346 (9.71 × 10−5) ***

LGDP 0.7311 (0.0042) *** 0.5584 (0.0042) *** 0.7120 (0.0046) ***
GIRD - 0.0038 (0.006) *** -
GINT - - 0.0005 (1.21 × 10−6) ***

Constant 1.1712 (0.2249) *** 1.3519 (0.2107) *** 0.7082 (0.1662)

Denmark
ECT (−1) 0.0065 (0.0022) ** −0.1451 (0.0066) *** 0.0121 (0.0032) **

INT 0.0002 (1.31 × 10−7) *** −0.0002 (1.38× 10−7) *** -
RD −0.0394 (0.0007) *** - −0.0371 (0.0008) ***

LGDP 0.3398 (0.0264) *** 0.4652 (0.0103) *** 0.3294 (0.0215) ***
GIRD - 0.0071 (0.0067) -
GINT - - 0.0009 (1.35 × 10−6) ***

Constant −0.1205 (0.8611) 0.4111 (0.0649) *** −0.1909 (0.8599)

Netherlands
ECT (−1) −0.4323 (0.0076) *** −0.5691 (0.0104) *** −0.4839 (0.0109) ***

INT 6.00 × 10−5 (1.55 × 10−7) *** 0.0007 (1.89 × 10−7) *** -
RD −0.0328 (0.0006) *** - −0.0238 (0.0007) ***

LGDP 0.8408 (0.0077) *** 0.7688 (0.0118) *** 0.7480 (0.0087) ***
GIRD - −0.0249 (0.0067) ** -
GINT - - −0.0013 (1.86 × 10−6) ***

Constant 8.8066 (2.2557) ** 1.3978 (0.3558) ** 8.1438 (3.3421)

Note: The numbers in parentheses are the standard errors, while ***, **, and * represent significance levels at 1%,
5%, and 10%, respectively.

Figure 2 depicts the confidence ellipse diagnostic test and is portrayed by the stability
points centralized within the ellipse. The figure suggests that the estimation model has a
significant confidence level.
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5. Discussion

Investigation from the PMG-ARDL shows that there is a positive and significant
relationship between technology and career success in the long run as a 1% increase in
INT leads to a 0.0041% increase in GDPPE. However in model 2, where income inequality
moderates the relationship, there is a decrease in the percentage of GDPPE. Furthermore,
there is also a positive and significant relationship between RD and GDPPE, as a 1%
increase in RD leads to a 0.13% increase in GDPPE. Furthermore, as income inequality was
introduced as a moderator, there was a decline to 0.11%. Contrariwise, there is an inverse
and significant relationship between GDP and GDPPE in model 1, while a positive and
significant relationship in model 2, but an insignificant and inverse relationship in model 3.
This indicates that income inequality increases economic growth in the observed countries
in the long run, which could be that the few wealthy individuals influence economic growth
(Bilan et al. 2020; Shen and Zhao 2022) through an increase in infrastructure, an increase in
the level of investment, etc. Likewise, in model two, the interaction of income inequality
and RD leads to a decrease in GDPPE as a 1% increase in GIRD leads to a 0.018% decline
in GDPPE.



Economies 2023, 11, 63 12 of 18

The PMG-ARDL model shows that there is a significant and positive association
between information and communication technology and career success. In terms of
research and development (intellectual capital), there is a positive and linear relationship
with GDPPE (career success) in the long term, but a feedback relationship in the short term;
this indicates that policymakers should invest in the development and improvement of
intellectual capital to ensure objective career success among citizens. We expected (initial
hypothesis) that the relationship between income inequality and career success would be
inverse. However, research shows that for a family worker, there is a linear and positive
relationship with GDP per employee.

Surprisingly, in Iceland, there is an inverse relationship between career success and
intellectual capital. In the case of Germany, in the short term, there is a positive and
significant linear relationship between people using the Internet and career success, as
well as between research and development and career success; however, surprisingly, the
relationship between income inequality and career success rates is positive and significant.
For Sweden, there was an inverse relationship between people using the Internet and
career success, and research and development with career success, as well as a positive
and significant linear relationship between income inequality and career success, which
were all unforeseen. For Denmark, a 1% increase in the number of people using the
Internet, intellectual capital, and income inequality results in −0.0007%, −0.03%, and
−0.04%, respectively, for career success, while for the Netherlands there is a positive and
significant linear relationship between Internet use and career success, as well as between
income inequality and career success, while there is a significant and inverse relationship
between intellectual capital and career success. In addition, the impact of Internet use
increased research, and development on career success in the group of countries with the
highest human development index is statistically positive and significant. Furthermore,
inequality was found to significantly moderate the relationship between intellectual capital,
technology, and career success.

Finally, Table 7 describes the Dumitrescu and Hurlin panel causality test, which is used
to examine the Granger non-causality from independent variable to dependent variable as
outlined by (Dumitrescu and Hurlin 2012). Findings from our analysis reveal that there is a
one-way causality between information and communications technology and career success
which suggests that access and use of the Internet result in career success. The Internet
facilitates communication and information sharing which helps in improving employability,
career competencies, and also for career interventions (Wang 2013). A study conducted
by (Dan et al. 2018) revealed that access to information is structural empowerment that
encourages innovative behavior which affects career success. Similarly, (Green et al. 2011)
carried out research for the Institute for Employment Research and affirm that access to
and use of the Internet plays an important role in information and knowledge exploration
and transfer which was also affirmed by a study carried out by (Cillo et al. 2019).

Research and development cause GDP per person employed which means that intel-
lectual capital leads to career success which is in congruence with findings from (Muwardi
et al. 2020) research. A study conducted by (Freimane and Bālin, a 2016) over 14 year period
(2000 to 2013) to examine the role of research and development on gross domestic product
per person employed in EU member states and resolved that the impact is significant and
positive which was also affirmed in the (Kose et al. 2020) study on sustainable research and
development-led growth in EU.

We expected that objective career success will lead to economic growth, as this has
been established in different studies such as (Barin et al. 2020; Simonova et al. 2015). Our
finding shows one-way causality between economic development and objective career
success which has been established by (Naseer et al. 2015). Their study established that
when employees have objective career success, this improves organizational performance
and invariably bolsters economic growth. Furthermore, according to a report by (Georgescu
and Herman 2019), sustainable and inclusive economic growth creates decent jobs and
increases labor productivity.



Economies 2023, 11, 63 13 of 18

Table 7. Dumitrescu and Hurlin’s (2012) Granger causality.

Null Hypothesis z-Bar Causality

INT does not homogeneously cause LGDPPE 2.0005 *** INT→LGDPPE
LGDPPE does not homogeneously cause INT −1.2142 No causality
RD does not homogeneously cause LGDPPE 1.4220 * RD→LGDPPE
LGDPPE does not homogeneously cause RD 2.1847 *** LGDPPE→RD
GINI does not homogeneously cause LGDPPE 1.0457 No causality
LGDPPE does not homogeneously cause GINI 1.5902 No causality
LGDP does not homogeneously cause LGDPPE −0.0803 ** No causality
LGDPPE does not homogeneously cause LGDP 1.9577 LGDPPE→LGDP
GINT does not homogeneously cause LGDPPE 2.1451 ** GINT→LGDPPE
LGDPPE does not homogeneously cause GINT −0.9602 No causality
GIRD does not homogeneously cause LGDPPE 2.1505 ** GIRD→LGDPPE
LGDPPE does not homogeneously cause GIRD 3.4594 *** LGDPPE→GIRD
RD does not homogeneously cause INT 0.0615 No causality
INT does not homogeneously cause RD 2.4889 *** INT→RD
GINI does not homogeneously cause INT 0.0894 No causality
INT does not homogeneously cause GINI 1.9911 ** INT→GINI
LGDP does not homogeneously cause INT −1.4352 No causality
INT does not homogeneously cause LGDP −1.3883 No causality
GINT does not homogeneously cause INT −0.5240 No causality
INT does not homogeneously cause GINT 0.6621 No causality
GIRD does not homogeneously cause INT −0.6364 No causality
INT does not homogeneously cause GIRD 2.6100 *** INT→GIRD
GINI does not homogeneously cause RD 1.5091 No causality
RD does not homogeneously cause GINI −0.2729 No causality
LGDP does not homogeneously cause RD 4.8199 *** LGDP→RD
RD does not homogeneously cause LGDP 0.2571 No causality
GINT does not homogeneously cause RD 2.0753 ** GINT→RD
RD does not homogeneously cause GINT 0.3350 No causality
GIRD does not homogeneously cause RD 1.5869 No causality
RD does not homogeneously cause GIRD 0.3932 No causality
LGDP does not homogeneously cause GINI 0.2211 No causality
GINI does not homogeneously cause LGDP 0.4524 No causality
GINT does not homogeneously cause GINI 2.0475 ** GINT→GINI
GINI does not homogeneously cause GINT 0.8354 No causality
GIRD does not homogeneously cause GINI −0.1849 No causality
GINI does not homogeneously cause GIRD 0.5700 No causality
GINT does not homogeneously cause LGDP −1.0167 No causality
LGDP does not homogeneously cause GINT −1.1206 No causality
GIRD does not homogeneously cause LGDP 1.7381 ** GIRD→LGDP
LGDP does not homogeneously cause GIRD 3.7540 *** LGDP→GIRD
GIRD does not homogeneously cause GINT −0.6968 No causality
GINT does not homogeneously cause GIRD 2.5586 *** GINT→GIRD

Note: ***, **, and * represent significance levels at 1%, 5%, and 10%, respectively.

Furthermore, information and communications technology have a one-way causality
to research and development, income inequality, and interaction variable between income
inequality and research and development. There is a bi-directional causality running
from the interaction variable (GIRD) and career success as well as between the interaction
variable (GIRD) and economic growth. There is a one-way causality running from the
interaction variable (GINT) and career success, intellectual capital, income inequality,
and GIRD.

6. Conclusions and Policy Matters

This current study examines the relationship between intellectual capital and career
success as well as the technology–career success nexus. Adding to this novelty, the study
considered income inequality as a moderator. The current study pioneered a PMG-ARDL
regression model (a modification of a vector autoregression (VAR) model) to assess the
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long-term equilibrium relationships between intellectual capital, career success, technology,
and income inequality in six countries with a high human development index (HDI).
Panel data from six countries—Norway, Iceland, Germany, Sweden, Denmark, and the
Netherlands—for the updated period (1997–2018) served as the information base for the
implementation of this approach. As variables of the model, indicators of intellectual capital
and career success, as well as variables/proxies of both technologies and income inequality,
the World Bank data were used, characterizing, respectively, expenditures on research and
development (% of GDP) (RD), GDP per person employed (GDPPE), individuals using the
Internet (% of the population) (INT) and income inequality total (top 10% share) (GINI).

Education is a key factor for both intellectual capital and research and development.
This result shows that career success depends on the implementation of targeted educational
policy mechanisms, the expansion of research and development, as well as on the expansion
of communication via the Internet. The results of our analysis show that there is a one-way
causal relationship between information and communication technology and career success,
which suggests that access and use of the Internet lead to career success. However, our
conclusion shows a one-sided causal relationship between economic development and
objective career success. In addition, sustainable and inclusive economic growth creates
decent jobs and increases productivity.

Another important part of this research is its relevance to policy through the tools
of government, public–private partnerships, and other affiliated institutions. Using the
results of the constructed model and the analysis of specific factors of the country, it can
be recommended to focus on the political mechanisms in the implementation of targeted
strategies and tools of educational policy, the expansion of research and development, as
well as the expansion of communications via the Internet. Investments in the development
and improvement of intellectual capital will lead to objective career success among citizens.
Education is a key factor for both intellectual capital and research and development.
Achieving career success is associated with the development of intellectual capital and as a
result, economic growth.

To achieve SDG 8, this study provides the following practical implications: (1) gov-
ernments and stakeholders should promote development-oriented policies that encourage
decent job creation as well as equal pay for work of equal value to reduce income inequal-
ity; (2) create policies to reduce the proportion of youth not in education, employment,
and training because our study has highlighted that education is an important factor in
acquiring intellectual capital; (3) more sensitization in the productive use of the Internet
should be conducted bringing new capacities, knowledge acquisition, and transfer not only
for intellectual capital but also for business operations which will have a snowball effect on
organizational profit and employee income.

Limitations and Future Research

Just as in any case of a research article, this study is not without limitations. Firstly, the
study set out to consider the top ten countries with the highest human development index
rank, but due to the unavailability of data for all variables of interest, the top six countries
were considered. Future studies should carry out a comparative study based on very high,
high, middle, and low human development index rankings. Secondly, other variables
such as gender, education, health, and uncertainty can be considered moderating variables.
Thirdly, the study is limited in scope covering data span from 1997 to 2018, future studies
can benefit from this limitation by re-validating the outcomes of the current study with
more recent data. Lastly, the countries under consideration have low-income inequality,
future studies can take countries with high-income inequality into consideration. Other
studies could replicate the study by carrying out a cross-country or income-group study to
have a better understanding of the research domain.
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