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Abstract

In the era of digitalization and rapid technological advancement, artificial intelligence (AI) has
emerged as a decisive factor in transforming the labor market, requiring the continuous adjust-
ment of educational competencies to prepare students for the labor market demand. This study
investigates the impact of AI on educational requirements, identifying the essential competencies
that educational systems and the business sector must shape to equip future professionals for AI-
driven challenges and opportunities. Employing Partial Least Squares Structural Equation Mod-
eling (SEM), the research analyzed the survey data from a sample of 138 educators from various
pre-university and university environments in Bihor county, Romania. to determine the relation-
ships between the educational system, business sector, educational competencies, and AI career
preparedness. The findings show significant influences from both sectors in shaping competencies
that, in turn, affect labor market demands. This study highlights the imperative for educational
systems the business sector to develop forward-thinking programs that anticipate future changes,
thereby maximizing an AI-driven economy’s economic and social benefits. The results indicate that
both the educational system and the business sector are integral to developing the competencies
required in the AI era, with AI career preparedness exerting the greatest influence on labor market
demands.
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1 Introduction
The rapid expansion of the new industrial revolution, supported by digitization, advanced knowl-

edge and networks, has spectacularly highlighted the role of artificial intelligence (AI) in the world’s
economies, and especially in developed countries. Generous objectives such as the intelligent trans-
formation of production, the use of AI for the benefit of humanity and the planet, the reshaping of
the global industrial division of labor, imply a significant transformation of the labor market and the
education of the workforce according to the challenging demands coming from the public and business
sectors [12, 66]. According to [4], developed countries have been perceiving, for more than a decade,
these changes and the polarization of the employment structure - an increase in the share of highly
skilled jobs in sectors dominated until recently by personnel with medium and low qualifications and,
respectively, a numerical decrease in jobs in sectors where medium qualifications were specific.

AI has a considerable impact on the labor market, it changes the trend of employment through
substitution and creation effects: technological advances reduce equipment costs and make labor
relatively more expensive and less controlled, causing management to look for ways to replace it with
equipment, respectively AI programs and applications [1, 2, 11], accelerating substitution effects [61],
generating, at least in the short term, the loss of some jobs [39] especially in productive sectors that
required medium and low qualifications. There are positive consequences of the phenomenon of the
expansion of AI in the economy and society as well - expanding the scale of production by reducing
costs, increasing the productivity of equipment [10], increasing the skills of the workforce in research
and development, design, communication [1], the emergence of new jobs and fields of activity [64],
even if a large part of researchers differently understand the impact of AI on the fading, substitution,
and creation of jobs, and, respectively, their qualification levels, desired by the business environment
[1, 3, 36].

Although extensive literature exists on the relationship between AI and educational competencies,
there is a conspicuous gap in research regarding teachers’ perspectives on the roles of the educational
system and the business sector in cultivating these competencies. Most current studies focus on
students’ perspectives and preparedness for AI integration. However, the pivotal role of educators in
shaping and fostering AI-related competencies remains insufficiently explored. This research aims to fill
this gap by investigating teachers’ perceptions of the educational system’s and business sectors’ roles in
cultivating educational competencies, evaluating their combined influence on labor market demands,
and assessing the impact of preparedness for AI-based careers. The objectives are to identify key
factors that contribute to effective competency development, analyze how these competencies align
with current labor market needs, and determine strategies for enhancing educator and business sector
collaboration, using a Partial Least Squares Structural Equation Modeling (PLS-SEM) approach. The
study is structured as follows: an extensive literature review establishes the theoretical foundation on
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AI’s role in education and skill development, followed by the formulation of research hypotheses. The
study then outlines construction, model fit assessment, and validation of the PLS-SEM model, followed
by the empirical results, discussion, limitations of the study, and policy implications.

2 Literature review and hypothesis development

2.1 AI and employment

According to Wang et al. (2024) [66], the first academic mention of the concept of AI appeared
at the Dartmouth Conference in 1956, suggesting the competence of machines to emulate human
actions and perform tasks intelligently, reflecting human activities. Subsequent definitions - to solve
problems and make decisions [15], "machines with minds, in the full and literal sense" [40], or to do
something that would normally be thought to require the intelligence of a human [52], reflects the
gradual understanding and human experiences of this incredible and ever-evolving reality.

More recently, Xia et al. (2022) [71] or Chiu et al. (2023) [24] emphasizes AI as the ability of
a digital machine to perform tasks by imitating human intelligence, to learn and think, while the
definitions of some national or international organizations or institutions adopt a more general and
flexible position - “a machine-based system that, for explicit or implicit objectives, infers, from the
input it receives, how to generate outputs such as predictions, content, recommendations, or decisions
that can influence physical or virtual environments” [56], or “Artificial intelligence is more than the
simple automation of existing processes: it involves, to greater or lesser degrees, setting an outcome
and letting a computer program find its own way there. It is this creative capacity that gives artificial
intelligence its power” [65]. The rapid growth and development of AI technology involves not only
advances in digital technologies, production efficiency, or scientific advances, it has effects in most
aspects of human society.

Regarding the impact of AI on labor supply and demand, the main theories focus on changes in
skill structures (skill-bias) and respectively on changes in task structures (task-bias) [13, 66]. Thus,
in the first stages of the expansion of AI in economies, increases the risk of losing medium-skilled
jobs, based on procedural, repetitive tasks, and therefore easy to automatization [35]. Interestingly,
low-skilled labor (mainly non-procedural and manual), presents a much lower risk of replacement,
accentuating employment polarization, accelerating labor inequality [1, 3] and a polarized demand for
human capital [19]. The second stage of the development of AI technology leads to an increase in the
demand for skilled, knowledge-based workers [16, 66], negatively affecting low-skilled workers but not
necessarily due to the specific demand coming from high-tech sub-fields or sectors affected by AI, but
rather due to macro-economic transformations [31], directly and indirectly driven by AI technology
and the new industrial revolution, exacerbating spatial and technological polarization on the labor
market [20, 44].

By promoting the optimization of industrial structure, blurring differences between sectors, and
increasing integration and diffusion in the real economy and society, AI nonlinearly influences economic
transformation [45], total productivity factors [73], and the modernization of industrial structure [74].
In this regard, the impact of AI on the employment structure will be accelerated by the spillover effects
of openness, diffusion, externalities, and extremely low marginal costs of information technology [66].
The widespread use of AI can significantly increase the demand for high-skilled labor in some sectors,
while reducing the demand for low-skilled labor in others, causing a non-linear adjustment of the labor
market, with some vulnerable groups affected by unemployment, while others enjoy high rewards in
highly skilled fields. In sectoral terms, AI can accelerate the decline of certain traditional sectors
and the emergence of new high-tech industries, which can cause a non-linear migration of workforce
between industries, affecting the evolution of the employment structure [66].

The large-scale adoption of AI within companies is changing the way the skills needed for jobs are
defined, but also the organization of work in these institutions, generating a change in the demand
for skills, increasing the demand for workers with AI skills, i.e. people who have the knowledge and
skills to actively develop and maintain AI models. However, workers with these qualifications are only
a small part of the overall employment, despite the media, political and academic interest associated
with the expansion of AI in the economy and society [37, 38]. According to recent OECD studies [37]
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most workers who will use AI in everyday work tasks will not need advanced AI skills or knowledge of
how AI systems work. Of course, there are certain occupations heavily exposed to the development of
AI, such as management, business processes and social activities that call for specific skills - project
management, budgeting, accounting, administration, clerical tasks and customer support. Thus, a
significant number of high-skilled occupations are highly exposed to AI input, among them OECD
or EU reports mention genetic counsellors, financial advisors, insurance surveyors, purchasing agents,
budget analysts [28, 37, 54]. The World Economic Forum points out that occupations such as ’AI
and Machine Learning Specialists’ and ’Data Analysts and Scientists’ will be among the top 10 fastest
growing jobs between 2023 and 2027 [68].

Social, emotional and digital competencies/skills are also in high demand, with over 50% of vacan-
cies in high-exposure occupations requiring at least one skill from these skill groups [37, 38, 54]. Thus,
in recent years there has been an increase in demand for positions that require at least one skill from
each of these groups, among occupations with high exposure to AI, and especially for positions that
require at least one cognitive, emotional or digital skill. According to recent studies, the adoption of
AI can increase, for limited periods of time and in variable proportions, the demand for some skills
specific to traditional industrial production, based on physical skills, "blue collar" type [30, 37]. All
these data and studies clearly show that the use and expansion of AI in the economy require the
development of new skills and competencies, from technological expertise to social, emotional and
creative skills [59].

According to Bird [18] and the IBM Institute for Business Value [43], the effective use of AI means
more than programs and advanced technologies, it also means understanding the existing skills within
the organization, identifying and prioritizing the skills needed in the future and creating opportunities
for employees to develop them. Of course, digital literacy and data processing abilities are essential
for employees to understand how to interact with AI tools. Moreover, employees need to realize that
generative AI is not a source of truth or miraculous solutions, but rather it uses various data to provide
potential answers and solutions, and employees - using their experience, knowledge, critical thinking
and social interactions - will interpret them to take the best decision. The power and potential of
AI and personal technical skills must be complemented with the soft skills of employees – creativity,
collaboration, social and communication skills. Adaptability and flexibility in changing organizations
are also important in the world transformed by AI, which is increasingly taking over much routine
tasks.

2.2 AI and the business sector

Farayola et al. [29] concluded that the business sector is shaped by AI integration, generating
new business models. The positive change is possible by adapting the education technology (EdTEch)
sector. The challenge would be to integrate and adapt the classical education system, so that businesses
receive professionals that need less training and are better equipped to deal with AI related challenges
in the business environment. The proliferation of the EdTech businesses is evoked by Alam and
Mohanty (2023) [8], who claim that these businesses changed the educational sector, marking the
influence of the business sector, that uses AI solutions. On this note, the tradition education goals
are completely opposite to the novel notions of teaching. The necessity of recognising sector-specific
challenges and opportunities in the business sector, was highlighted by Kaggwa et al. [47] who debate
the issue of AI educational tools, that would enhance learning experiences, thus contributing to growth
and diversity in the workplace. The business sector could contribute to aiding policy makers in
adapting the AI in the education reform, in such a way that the educational system and the business
environments benefit from changes, without lowering quality of teaching. Giuggioli and Pellegrini
[32] argue that business driven AI solutions, implemented in the educational sector, would lead to
innovation and entrepreneurship before students graduate, thus enabling them to have a head start in
creating further digital education, when they are employed in the EdTech business sector. In similar
research, Sollosy and McInerney [60] argue that the business sector will have significant changes in
the workforce, jobs will be lost, but others will be created, and in the context of AI, these new
jobs will be uniquely human. The role of the business sector would be to promote the concept of
business needs into the education sector, so that graduates know what jobs and what needs they
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might pursue, with accuracy. The relationship between the expansion of AI in the business and
the public sectors and, respectively, employment is becoming an insistent concern of international
institutions and organizations (World Bank, 2019; OECD, 2022; OECD, 2023; WEF, 2023; WEF,
2024).

2.3 AI and labor force training

The rapid integration of generative AI in the economy and society, its accessibility and the in-
creasing interest of the general public, the transformational perspectives brought, have determined
the education system to re-evaluate its role in the educational process and develop strategies to pre-
pare students to work and understand the principles of this technology [22]. The demand is complex
and dynamic, it comes from productive/industrial sectors [12, 45, 74], finance [17, 21], health care
[72], transport and communications [70], social services [27, 57].

Even education as such is subject to transformations carried by AI [6, 22, 24, 59, 71], to improve
student learning, to provide personalized feedback in real-time and by adapting to individual learning
styles [22, 34, 50]. It can be used to stimulate students’ involvement in the development and imple-
mentation of AI technology, in discovering areas of application in economics, society, human relations
and personal development, equipping them with sound tools and principles to navigate in various
ethical, social and economic environments [7, 22].

Last but not least, the expansion of AI in education and assessment must be done while respecting
and maintaining academic integrity [7, 22], warning and educating students about the ethical consid-
erations surrounding AI, the potential consequences of the incorrect use of AI in current and future
academic contexts, but also as employees or active citizens in the societies in which they will work
and live. In conclusion, the use of AI in education is accompanied not only by benefits but also by
risks, underlining the importance of appropriate and responsible AI education policies.

The issue of educational competencies is strongly connected with the quality of the educational
system. Ghailani and Khan (2004) [33] argue that the secondary educational system should be re-
aligned to the existing economic needs of contemporary society. The education system could be in a
productive collaboration with the business sector, requiring reforms of the curriculum and the teach-
ing methods, that would impact the development of educational competencies. In the same context,
Herdan and Stuss (2019) [41] highlight that higher education’s focus could be on lifelong learning
competences, that encompass problem solving, communication and technological proficiency, in order
to train students who are adaptable to labor market requirements. The labor market needs to inform
higher education institutions, which adapt the curricula in such a way that it prepares students with
competences in new and developing fields, such as technology, fintech, and AI. Terentyeva et al. (2018)
[63] take the position that the collaboration between the educational system and the labor market
leads to the development of tools for human resource management. In this situation, collaboration
between higher education institutions allows for a flexible educational program, synchronized to the
labor market dynamics and constant technological advancements. However, according to a UNESCO
[58] study, the integration of AI into the labor market led to a significant reshaping of competences
and workforce dynamics, by automating intermediate skills jobs. Technology design, critical think-
ing, and computer use are skills that universities should embed into their curriculum, by constantly
collaborating with various industries, for adapting to new job requirements.

Chiu et al. (2024) [25] bring forth the idea that K-12 schools could emphasize AI literacy and
competency, by combining technical skills with societal impact of AI, ethics in using AI and collab-
orations. AI skills should not be reduced to an engineering perspective, but should be related to
lifelong learning. Adams et al. (2023) [5] offer the perspective that there are AI principles, such
as transparency, fairness, and privacy, that students should be taught to use in their work with AI
technologies. Their view highlights the flexibility of AI in shaping educational principles, such as ped-
agogical appropriateness, children’s rights and professional integrity, which inform educational skills,
used throughout the person’s life.

Tedre et al. (2021) [62] argue that there needs to be a change in K-12 schools, namely a shift
from traditional rule-based programming to data-driven approaches. The shift would allow machine
learning in schools to develop on a path that enables students to fit into new labor market demands.
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Machine learning principles would, therefore, be introduced and developed in K-12 schools through
the use of age-appropriate tools and methods, that would allow for deep understanding and advanced
computational thinking. The shift could foster entering on career paths and opportunities, that
would otherwise be unattainable. Hossain Ka (2023) [46] highlights the fact that AI and machine
learning require a reform or an adaptation of the K-12 educational system, as well as the higher
education system, to labor market needs, which emphasize enhanced learning and an alignment of
educational outcomes, with evolving employment opportunities. The educational adaptation would
result in reduced unemployment and the promotion of socio-economic development.

2.4 Research hypotheses

Based on the theoretical framework and insights identified in previous research [9, 49, 53, 59] we
developed a series of research hypotheses. The premises of this research assume that the roles of the
educational system (ESR) and the business sector (BSR) have a positive and significant influences
on the development of educational competencies (EC), which, in turn, affect labor market demands
(LMD) in the AI era. We also consider that preparedness for AI-based careers (PCBA) significantly
impacts labor market demands. The educational system’s initiatives, together with the participa-
tion of the business sector, collaboratively develop the competencies needed to meet the modern job
requirements shaped by artificial intelligence. The research hypotheses are:

–Hypothesis 1: The role of the educational system (ESR) has a positive and significant impact on
developing educational competencies (EC).

–Hypothesis 2: The role of the business sector (BSR) has a positive and significant influence on
developing educational competencies (EC).

–Hypothesis 3: The educational system (ESR) has a significant positive indirect effect on labor
market demands (LMD), mediated by its influence on educational competencies (EC).

–Hypothesis 4: The business sector (BSR) has a significant positive indirect effect on labor market
demands (LMD), mediated by its influence on educational competencies (EC).

–Hypothesis 5: Educational competencies (EC) have a positive and significant influence on labor
market demands (LMD).

–Hypothesis 6: AI career preparedness (PCBA) has a significant and positive influence on labor
market demands (LMD).

3 Methodology and model development

3.1 Data collection

The principal objective of this study is to construct and validate an exploratory model through
the application of Partial Least Squares Structural Equation Modeling (PLS-SEM) to assess the roles
of the educational system (ESR) and the business sector (BSR) in influencing the development of
educational competencies (EC) and their subsequent influence on labor market demands (LMD), as
well as the preparedness for AI-based careers (PCBA). PLS-SEM is less restrictive regarding sam-
ple size compared to other structural modelling methods such as Covariance-Based SEM (CB-SEM).
It can produce valid and reliable results even with smaller sample sizes, making it ideal for studies
with a limited number of respondents. Specifically, this research aims to evaluate educators’ percep-
tions regarding their contributions to fostering these competencies in the context of the increasing
prominence of artificial intelligence (AI) systems. Through the application of PLS-SEM, the study
explores the interconnected effects of the educational system and business sector roles on educational
competencies, the alignment of these competencies with evolving labor market requirements, and the
critical importance of preparing for careers influenced by AI. The research employed a survey method,
starting with the design and online distribution of a questionnaire. This survey, created using Google
Forms, was disseminated digitally and included two sections: demographic information collection and
specific questions about the role of educators in the dynamic AI context. Data collection took place
in August 2023, involving a convenience sample of 138 educators from pre-university and university
levels in Bihor county, Romania. Convenience sampling, often based on voluntary participation, is a
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commonly used research technique [51] but can introduce bias due to its non-representative nature.
To overcome this challenge, direct email contact and the "snowball" sampling method were employed
to increase sample size and enhance diversity. Although Partial Least Squares Structural Equation
Modeling (PLS-SEM) is suitable for smaller samples and offers valuable insights, we acknowledge the
limitation that a larger sample would increase the statistical power and robustness of our findings.
As such, the findings should be interpreted with caution, taking this limitation into account. Future
research should aim for larger and more representative samples to enhance the generalizability of the
results.

The profile of the 138 educators participating in the study offers a detailed demographic and
professional overview, reflecting a balanced representation across various characteristics essential for
understanding AI integration in education. Predominantly female (80%), in alignment with common
trends in pre-university educational settings, the sample spans diverse age groups, with the majority
aged between 40-50 years (42%), followed by 50-60 years (25%) and 30-40 years (24%), and includes
smaller proportions aged 20-30 years (6%) and over 60 years (3%). Specialization among respondents
is fairly divided between sciences (42%) and humanities (58%), providing a comprehensive view of
competencies across disciplines. Teaching experience varies significantly, with most respondents having
over 20 years (51%) or 10-20 years (33%) of experience, while 9% have 3-9 years and 7% have 0-3
years, bringing a mix of seasoned and fresh perspectives to the study. Participants represent all
educational levels, including preschool (3%), primary school (21%), lower secondary school (11%),
higher secondary school (32%), and university (33%), facilitating a thorough assessment of AI’s impact
across educational stages. Additionally, the majority are based in urban areas (86%) and teach in urban
settings (91%), reflecting the concentration of educational resources and AI efforts in cities while also
including valuable input from rural areas.

3.2 Reliability and validity of the model

The specific questions of the questionnaire, which consists of 31 items, are carefully designed to
assess the roles of the educational system and the business sector in shaping educational competencies,
and how these competencies influence labor market demands. Respondents rated each item on a
five-point Likert scale (1 - Strongly Disagree to 5 - Strongly Agree). The questionnaire is based
on essential variables for understanding the integration of AI in educational contexts: labor market
demands (LMD) with 4 items measuring the alignment of competencies with AI-driven market needs;
the educational system’s role (ESR) with 5 items evaluating its ability to cultivate AI-related skills
and knowledge; the business sector’s role (BSR) with 5 items focusing on its support for integrating
AI competencies within educational frameworks; preparedness for AI-based careers (PCBA) with 5
items assessing readiness for AI-oriented career opportunities; and educational competencies (EC)
with 5 items capturing the skills necessary for incorporating AI into educational settings. Each item
set effectively measures these variables, providing a detailed framework for analyzing the connections
among educational preparation, business sector involvement, and labor market requirements in the
AI era. To analyze the reliability of the latent variables in the study, we calculated the Composite
Reliability (CR), Average Variance Extracted (AVE), and Cronbach’s Alpha for each latent variable.
Table 1 provides an overview of the results for each subscale.

The reliability analysis of the constructs is essential for evaluating the internal consistency and
validity of the measurement model used in this study. Composite Reliability (CR) measures the
coherence among a construct’s items, with a value above 0.70 indicating strong internal consistency
[23, 26]. Average Variance Extracted (AVE) assesses the proportion of variance captured by the latent
variable relative to measurement error, with a value above 0.50 demonstrating adequate convergent
validity [23]. Cronbach’s Alpha further evaluates the internal consistency of the items within each
construct, where values above 0.70 are generally considered acceptable. The data shows that the
Educational Competencies (EC) construct achieved a CR of 0.929, an AVE of 0.768, and a Cronbach’s
Alpha of 0.924, demonstrating high internal consistency and good convergent validity. Labor Market
Demands (LMD) showed similarly robust metrics, with a CR of 0.900, an AVE of 0.768, and a
Cronbach’s Alpha of 0.899. The Role of the Educational System (ESR) exhibited a CR of 0.931, an
AVE of 0.775, and a Cronbach’s Alpha of 0.927, while the Role of the Business Sector (BSR) had
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Table 1: Reliability Analysis
Latent Variable Item Outer Loading Cronbach’s Alpha Composite Reliability (CR) Average Variance Extracted (AVE)

Labor market demands (LMD)

LMD1 0.880

0.899 0.900 0.768LMD2 0.894
LMD3 0.871
LMD4 0.859

Preparedness for
AI-based careers(PCBA)

PCBA1 0.841

0.928 0.929 0.776
PCBA2 0.914
PCBA3 0.878
PCBA4 0.872
PCBA5 0.899

The role of
educational system (ESR)

ESR1 0.830

0.927 0.931 0.775
ESR2 0.836
ESR3 0.931
ESR4 0.924
ESR5 0.843

The role of business sector
(BSR)

BSR1 0.887

0.922 0.932 0.764
BSR2 0.889
BSR3 0.832
BSR4 0.902
BSR5 0.890

Educational competencies
(EC)

EC1 0.862

0.924 0.929 0.768
EC2 0.896
EC3 0.854
EC4 0.883
EC5 0.884

a CR of 0.932, an AVE of 0.764, and a Cronbach’s Alpha of 0.922. The Preparedness for AI-based
Careers (PCBA) construct demonstrated a good reliability with a CR of 0.929, an AVE of 0.776, and a
Cronbach’s Alpha of 0.928. These metrics confirm the strong reliability and validity of the constructs,
ensuring that the measurement model provides a robust foundation for analyzing the relationships
between the educational system, business sector, and the development of competencies required for
an AI-driven labor market.

3.3 Discriminant validity and model fit analysis

To evaluate the validity and fit of the Structural Equation Model (SEM) developed for assessing
the impact of AI on educational competencies and labor market demands, it is important to assess
both discriminant validity and overall model fit. This can be evaluated using the Fornell-Larcker
criterion, which compares the square root of the Average Variance Extracted (AVE) of each construct
with the highest correlation of the construct with any other construct.

Table 2: Discriminant validity
Latent variables EC LMD ESR BSR PCBA
Educational Competencies (EC) 0.832 0.601 0.568 0.525 0.634
Labor Market Demands (LMD) 0.601 0.846 0.511 0.494 0.648
Role of the Educational System (ESR) 0.568 0.511 0.865 0.472 0.531
Role of the Business Sector (BSR) 0.525 0.494 0.472 0.860 0.546
Preparedness for AI-based Careers (PCBA) 0.634 0.648 0.531 0.546 0.877

The results presented in Table 2 indicate adequate discriminant validity, as the square root of AVE
for each construct is greater than the highest correlation with any other construct. The SEM model
presented in Figure 1, which includes the path coefficients, indicates that all estimated coefficients are
positive. This suggests that the roles of the educational system (ESR) and the business sector (BSR)
positively contribute to the development of educational competencies (EC). These competencies, along
with preparedness for AI-based careers (PCBA), in turn, positively influence labor market demands
(LMD).
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Figure 1: PLS-SEM

The assessment of model fit indices is essential for determining the alignment of the proposed SEM
model with the observed data, thereby validating the hypothesized relationships between constructs.
The R2 values, which represent the explanatory power of the model, reveal that for Educational
Competencies (EC), the model accounts for 37.9% of the variance (R2 = 0.379), indicating a significant
portion of the variability in educational competencies can be explained by factors such as the roles
of the educational system (ESR) and the business sector (BSR). This underscores the substantial
impact these factors have on shaping educational competencies. For Labor Market Demands (LMD),
the model explains 51% of the variance (R2 = 0.51), demonstrating strong explanatory power and
highlighting the influence of educational competencies and preparedness for AI-based careers (PCBA)
on labor market demands. The evaluation of fit indices further supports the model’s adequacy: a
Standardized Root Mean Square Residual (SRMR) of 0.060, which is below the threshold of 0.08,
indicates a good fit, consistent with Hu and Bentler (1999) [42]. The Normed Fit Index (NFI) of
0.817, while slightly below the preferred threshold of 0.90, is acceptable, particularly in complex
models, suggesting a reasonably good fit but indicating potential for further refinement [14, 48].
This comprehensive evaluation affirms the model’s robustness in capturing the dynamics between
educational and business sector roles, educational competencies, and labor market demands in the
context of AI.
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4 Results and discussion

4.1 Results and validation of the hypotheses

The analysis of the path coefficients provides detailed insights into how the educational system
and business sector directly influence educational competencies and labor market demands. The
path coefficients show the extent to which initiatives within the educational system enhance educa-
tional competencies, reflecting the significant role that educational policies, curricula, and instructional
strategies play in developing the necessary skills for an AI-driven market. Similarly, the path coef-
ficients highlight the direct contributions of the business sector, indicating how business engagement
through partnerships, internships, and practical training programs supports the development of com-
petencies that align with labor market needs. These coefficients also illustrate the dynamic interplay
between educational and business practices in shaping a workforce prepared for the demands of an
evolving labor market influenced by artificial intelligence.

Table 3: Results of testing direct and indirect statistical hypotheses

Path
Direct effects Indirect effects (MD:EC)

Decision
Coeff. (β) t-value p-value Coeff.(β) p-value

H1: ESR → EC 0.384 7.25 p < 0.01 Accepted
H2: BSR → EC 0.277 5.6 p < 0.01 Accepted
H3: ESR → EC → LMD 0.154 p < 0.01 Accepted
H4: BSR → EC → LMD 0.111 p < 0.01 Accepted
H5: EC → LMD 0.4 8.1 p < 0.01 Accepted
H6: PCBA → LMD 0.428 8.45 p < 0.01 Accepted

Note: * Coeff = Coefficient, MD = mediator, β = standardized coefficient

Based on the data presented in the Table 3, we can argue that the roles of the educational system
(ESR) and the business sector (BSR) have a positive and a significant influence on the development
of educational competencies (EC), which, in turn, influence labor market demands (LMD) in the AI
era. The educational system’s influence on educational competencies is positive and significant, with
a path coefficient of 0.384 (t-value = 7.25, p < 0.01), validating Hypothesis 1. This suggests that
the policies, resources, and curricular frameworks established by the educational system are critical in
shaping the competencies that educators need to integrate AI effectively into teaching practices. Also,
the business sector has a meaningful influence on educational competencies, evidenced by a path coef-
ficient of 0.277 (t-value = 5.60, p < 0.01), supporting Hypothesis 2. This underscores the importance
of industry partnerships, practical insights, and resource support from the business sector in fostering
relevant competencies. Educational competencies significantly influence labor market demands, as
shown by a path coefficient of 0.400 (t-value = 8.10, p < 0.01), confirming Hypothesis 5. This indi-
cates that the competencies developed within educational settings are important for aligning with the
evolving requirements of the labor market influenced by AI. The direct effects show the immediate and
tangible impacts of educational system policies and business sector engagement on the development
of educational competencies, underscoring the critical role of well-formulated curricular frameworks
and strategic industry partnerships in cultivating a workforce equipped with the necessary skills for
the AI-driven landscape. In contrast, the indirect effects clarify the broader, influences these elements
exert on labor market demands through the mediation of educational competencies, highlighting the
necessity of an integrated approach that combines educational reforms with industry collaboration to
foster comprehensive workforce development and adaptability in an evolving economic environment.
Thus, the educational system indirectly impacts labor market demands through its effect on educa-
tional competencies, with an indirect path coefficient of 0.154 (p < 0.01), supporting Hypothesis 3.
This suggests that the educational system’s efforts to enhance competencies have a downstream effect
on meeting labor market needs. Similarly, the business sector indirectly influences labor market de-
mands through its contribution to educational competencies, with an indirect path coefficient of 0.111
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(p < 0.01), validating Hypothesis 4. This underlines the need for stronger collaborations between
educational institutions and businesses to ensure that skills are relevant to the market. Furthermore,
preparedness for AI-based careers (PCBA) shows the most significant direct influence on labor market
demands, with a path coefficient of 0.428 (t-value = 8.45, p < 0.01), corroborating Hypothesis 6. This
highlights the importance of AI-specific training and career preparation in meeting the demands of the
labor market. The study underscores the impact of both educational system and business sector in
shaping educational competencies, with effect sizes indicating meaningful contributions to AI-driven
labor market demands. The educational system’s influence is higher, demonstrating a strong capacity
to equip educators with the necessary skills for AI integration through effective policies and compre-
hensive curricula. Likewise, the business sector plays a pivotal role, with effect sizes reflecting its
significant contributions in providing practical insights and resources that enhance the relevance of
educational competencies. Notably, preparedness for AI-based careers exhibits the largest effect size,
underscoring its significant role in aligning educational outcomes with labor market needs. These find-
ings highlight the importance of robust collaboration between educational institutions and industry
partners to cultivate a workforce well-prepared for the challenges and opportunities presented by an
AI-influenced economy.

4.2 Discussion

The significant influence of the educational system on developing educational competencies high-
lights the importance of curricular reforms that integrate AI technologies and promote continuous
learning. Educational institutions must focus on creating programs that not only impart AI-related
knowledge but also foster interdisciplinary learning and ethical considerations. Bird (2023) and the
IBM Institute for Business Value (2024) [18, 43] developed a similar point of view, arguing for the
development of specific educational competencies and adapting the educational curriculum to the new
AI integration in the business sector. These programs should be designed to evolve with technologi-
cal advancements, ensuring that students are equipped with the latest skills and are prepared for the
dynamic demands of the AI-driven labor market. The business sector’s role, while slightly less impact-
ful compared to the educational system, remains important. Businesses can bridge the gap between
educational outcomes and labor market needs by offering practical AI applications, internships, and
training programs that align with industry requirements. Enhanced collaboration between educational
institutions and the business sector can facilitate the development of competencies that are directly
applicable to real-world scenarios, thereby improving the employability of graduates and ensuring that
they are well-prepared for AI-related job roles. The direct impact of educational competencies on labor
market demands suggests that a focus on competency development within educational frameworks is
essential for meeting the modern job market’s expectations. This necessitates a strategic approach to
curriculum development that incorporates comprehensive AI-related content and practical experiences,
allowing graduates to contribute effectively to an AI-driven workforce. Preparedness for AI-based ca-
reers stands out as the most influential factor on labor market demands, emphasizing the critical
need for specialized AI training. Educational programs should prioritize career readiness, providing
students with hands-on AI experiences and equipping them with skills that are directly applicable to
AI-related careers. Adiguzel et al., (2023), Chan (2023), Xia et al. (2022), Simut et al. (2024), Chiu
et al. (2023) [6, 22, 24, 59, 71] support the idea that there is an educational need to deepen the AI
literacy among students, in order to develop specific competencies, through a collaboration between
the business sector and policy makers.

To effectively prepare students for an AI-driven economy, educational institutions should enhance
their curricula by integrating AI-focused content and practical experiences, ensuring that students
acquire essential skills for modern job markets. Strengthening collaborations between educational
institutions and the business sector is important to align educational competencies with labor market
demands and facilitate a smoother transition from education to employment. Emphasizing AI ca-
reer readiness in educational programs through real-world AI applications will better equip students
for specific job roles driven by AI technologies. Additionally, educational policies should support
continuous learning and adaptability, allowing for the integration of emerging AI technologies and re-
sponding to evolving industry needs. Including ethical considerations and interdisciplinary approaches



https://doi.org/10.15837/ijccc.2025.1.6894 12

in curricula is also necessary to prepare students for the complexities of AI integration in diverse pro-
fessional contexts. The findings of this study offer significant insights for educational institutions and
policymakers regarding the integration of AI into education and workforce preparation. Educational
institutions should prioritize curricular reforms that emphasize AI literacy, interdisciplinary learning,
and ethical considerations, thereby equipping students with the skills required for an AI-driven job
market. This approach should encompass not only technical proficiency but also critical thinking,
creativity, and adaptability. Policymakers are encouraged to foster partnerships between educational
institutions and the business sector to ensure that educational outcomes align with industry demands,
facilitating the development of internships, training programs, and research initiatives. Furthermore,
the focus on AI career preparedness underscores the necessity for policies supporting lifelong learning
and continuous skill development to keep pace with technological advancements. By adopting these
strategies, educational institutions and policymakers can cultivate a workforce that is well-prepared to
drive innovation and contribute to economic growth in the AI era. Thus, our outcomes align with the
research of [33, 41] regarding an accentuated need for curriculum reform and consistent collaboration
between the education and business sectors, to develop competencies and adaptability in the context
of long-term learning.

5 Conclusions
This research highlights the significant roles that both the educational system and the business sec-

tor play in developing the educational competencies essential for success in an AI-driven era. The anal-
ysis through Structural Equation Modeling (SEM) shows that the educational system has a stronger
influence on the development of competencies, reflecting the effectiveness of educational policies and
programs in fostering AI-related skills and knowledge. The business sector, although having a slightly
lesser impact, still contributes importantly through practical training and industry partnerships that
enhance competency development. Educational competencies are shown to have a direct and substan-
tial impact on labor market demands, suggesting that the skills and knowledge developed through
educational initiatives are well-aligned with the needs of the modern labor market shaped by artificial
intelligence. Furthermore, preparedness for AI-based careers emerges as the most influential factor on
labor market demands, underscoring the critical need for targeted AI training and career preparation.
Indirect effects in the model indicate that the contributions of the educational system and business
sector to labor market demands are mediated through educational competencies. This underscores
the important role of these competencies as a pathway through which educational and business sector
influences translate into market readiness. The model effectively illustrates the multifaceted relation-
ship between educational system initiatives, business sector involvement, educational competencies,
and labor market demands, emphasizing the need for integrated strategies that combine efforts from
both education and industry to address the evolving requirements of an AI-driven economy. The R2

values for educational competencies and labor market demands (37.9% and 51% respectively) high-
light the substantial explanatory power of the model, reinforcing the significance of these factors in
preparing a workforce capable of meeting contemporary market needs. This research is not without
limitations and acknowledges that variations in educational policies, business involvement, and AI
adoption rates across different regions might lead to different outcomes. Consequently, the model’s
applicability may differ when considered in a national or international context. Additionally, changes
in AI technology, educational policies, or economic conditions could alter the relationships observed in
this study. A longitudinal approach would provide deeper insights into how these factors evolve and
impact competencies and labor market demand over extended periods. While this article does not
conduct a multi-group analysis to explore demographic differences such as age or teaching experience,
future research will aim to incorporate these factors to gain deeper insights into how demographic
variables may influence the roles of the educational system and business sector in shaping educational
competencies in the AI era.



https://doi.org/10.15837/ijccc.2025.1.6894 13

References
[1] Acemoglu, D.; Restrepo, P. (2018a); Artificial Intelligence, Automation, and Work, NBER Work-

ing Paper Series, 24196, Cambridge, MA: National Bureau of Economic Research.

[2] Acemoglu, D.; Restrepo, P. (2018b); Low-skill and high-skill automation, Journal of Human
Capital, 12(2), 204–232, https://doi.org/10.1086/697242.

[3] Acemoglu, D.; Restrepo, P. (2018c); The race between man and machine: implications of technol-
ogy for growth, factor shares, and employment, American Economic Review, 108(6), 1488–1542,
https://doi.org/10.1257/aer.20160696.

[4] Acemoglu, D.; Restrepo, P. (2020); Robots and jobs: evidence from US labor markets, Journal
of Political Economy, 128(6), 2188–2244, https://doi.org/10.1086/705716.

[5] Adams, C.; Pente, P.; Lemermeyer, G.; Rockwell, G. (2023); Ethical principles for artificial
intelligence in K-12 education, Computers and Education: Artificial Intelligence, 4, 100131,
https://doi.org/10.1016/j.caeai.2023.100131.

[6] Adiguzel, T.; Kaya, M.; Cansu, F. (2023); Revolutionizing education with AI: Exploring the
transformative potential of ChatGPT, Contemporary Educational Technology, 15(3), ep429,
https://doi.org/10.30935/cedtech/13152.

[7] Akgun, S.; Greenhow, C. (2022); Artificial intelligence in education: Addressing ethical challenges
in K-12 settings, AI and Ethics, 2, 431–440, https://doi.org/10.1007/s43681-021-00096-7.

[8] Alam, A.; Mohanty, A. (2022); Business Models, Business Strategies, and Innovations in EdTech
Companies: Integration of Learning Analytics and Artificial Intelligence in Higher Education,
IEEE 6th Conference on Information and Communication Technology (CICT), Gwalior, India,
1-6, doi: 10.1109/CICT56698.2022.9997887.

[9] Alekseeva, L.; Azar, J.; Giné, M.; Samila, S.; Taska, B. (2021); The Demand for AI Skills in the
Labor Market, Labor Economics, 71, 102002, https://doi.org/10.1016/j.labeco.2021.102002.

[10] Aly, H. (2022); Digital transformation, development and productivity in developing countries:
is artificial intelligence a curse or a blessing?, Review of Economics and Political Science, 7(4),
238–256, https://doi.org/10.1108/REPS-11-2019-0145.

[11] Autor, D. (2015); Why are there still so many jobs? The history and future of workplace au-
tomation, Journal of Economic Perspectives, 29(3), 3–30, https://doi.org/10.1257/jep.29.3.3.

[12] Awan, U.; Sroufe, R.; Shahbaz, M. (2021); Industry 4.0 and the circular economy: a literature
review and recommendations for future research, Business Strategy and the Environment, 30(4),
2038–2060, https://doi.org/10.1002/bse.2731.

[13] Beaudry, P.; Green, D.; Sand, B. (2016); The great reversal in the demand for skill and cognitive
tasks, Journal of Labor Economics, 34(1), S199–S247, https://doi.org/10.1086/682347.

[14] Beauducel, A.; Wittmann, W. W. (2005); Simulation study on fit indexes in CFA based on data
with slightly distorted simple structure, Structural Equation Modeling, 12(1), 41-75.

[15] Bellman, R. (1978); An Introduction to Artificial Intelligence: Can Computers Think?, San Fran-
cisco, California: Boyd & Fraser Publishing Company.

[16] Berger, T.; Frey, C. (2016); Structural Transformation in the OECD: Digitalisation, Deindustri-
alisation and the Future of Work, OECD Social, Employment and Migration Working Papers,
No. 193, OECD Publishing, https://doi.org/10.1787/5jlr068802f7.

[17] Bholat, D.; Susskind, D. (2021); The assessment: Artificial intelligence and financial services,
Oxford Review of Economic Policy, 37(3), 417–434, https://doi.org/10.1093/oxrep/grab015.



https://doi.org/10.15837/ijccc.2025.1.6894 14

[18] Bird, I. (2023); Reskilling your workforce in the time of AI, Available at: https://www.ibm.com/
blog/reskilling-your-workforce-in-the-time-of-ai/ [Accessed 15 06 2024].

[19] Bostrom, N. (2017); Strategic Implications of Openness in AI Development, Global Policy, 8(2),
135-148, https://doi.org/10.1111/1758-5899.12403.

[20] Bratti, M.; Matteucci, N. (2004); Is There Skill-biased Technological Change in Italian Manu-
facturing? Evidence from Firm-level Data, Università degli Studi di Ancona, Dipartimento di
Economia, https://doi.org/10.1016/j.joms.2005.05.314.

[21] Buckley, R.; Zetzsche, D.; Arner, D.; Tang, B. (2021); Regulating artificial intelligence in finance:
Putting the human in the loop, The Sydney Law Review, 43(1), 43–81.

[22] Chan, C. (2023); A comprehensive AI policy education framework for university teaching
and learning, International Journal of Educational Technology in Higher Education, 20, 38,
https://doi.org/10.1186/s41239-023-00408-3.

[23] Chin, W. W. (2010); How to Write Up and Report PLS Analyses, In: Esposito Vinzi,
V.; Chin, W. W.; Henseler, J.; Wang, H., Eds., Handbook of Partial Least Squares: Con-
cepts, Methods and Applications, Springer, Heidelberg, Dordrecht, London, New York, 655-690,
https://doi.org/10.1007/978-3-540-32827-8-29.

[24] Chiu, T.K.F.; Xia, Q.; Zhou, X.; Chai, C.S.; Cheng, M. (2023); Systematic litera-
ture review on opportunities, challenges, and future research recommendations of artifi-
cial intelligence in education, Computers and Education: Artificial Intelligence, 4, 100118,
https://doi.org/10.1016/j.caeai.2022.100118.

[25] Chiu, T. K. F.; Ahmad, Z.; Ismailov, M.; Sanusi, I. T. (2024); What are artificial intelligence lit-
eracy and competency? A comprehensive framework to support them, Computers and Education
Open, 6, 100171, https://doi.org/10.1016/j.caeo.2024.100171.

[26] Cronbach, L.J.; Shavelson, R.J. (2004); My Current Thoughts on Coefficient Al-
pha and Successor Procedures, Educational and Psychological Measurement, 64, 391-418,
https://doi.org/10.1177/0013164404266386.

[27] Diez, E. (2023); Artificial intelligence and social work: Contributions to an ethical artificial
intelligence at the service of the people, In: A. López Peláez & G. Kirwan, eds., The Routledge
International Handbook of Digital Social Work, Routledge, 368-381.

[28] European Union (2022); The Impact of Artificial Intelligence on the Future of Workforces in
the EU and the US, Available at: https://digital-strategy.ec.europa.eu/en/library/
impact-artificial-intelligence-future-workforces-eu-and-us, [Accessed 01 06 2024].

[29] Farayola, O. A.; Abdul, A. A.; Irabor, B. O.; Okeleke, E.C. (2023); Innovative Business Models
Driven by AI Technologies: A Review, Computer Science & IT Research Journal, 4(2), 85-110,
https://doi.org/10.51594/csitrj.v4i2.608.

[30] Felten, E.; Raj, M.; Seamans, R. (2021); Occupational, industry, and geographic exposure to
artificial intelligence: A novel dataset and its potential uses, Strategic Management Journal,
42(12), 2195-2217, https://doi.org/10.1002/smj.3286.

[31] Fleming, P. (2018); Robots and organization studies: why robots might not want to steal your
job, Organization Studies, 40(1), 23–38, https://doi.org/10.1177/0170840618765568.

[32] Giuggioli, G.; Pellegrini, M.M. (2023); Artificial intelligence as an enabler for entrepreneurs:
a systematic literature review and an agenda for future research, International Journal of En-
trepreneurial Behavior & Research, 29(4), 816-837, https://doi.org/10.1108/IJEBR-05-2021-0426.

https://www.ibm.com/blog/reskilling-your-workforce-in-the-time-of-ai/
https://www.ibm.com/blog/reskilling-your-workforce-in-the-time-of-ai/
https://digital-strategy.ec.europa.eu/en/library/impact-artificial-intelligence-future-workforces-eu-and-us
https://digital-strategy.ec.europa.eu/en/library/impact-artificial-intelligence-future-workforces-eu-and-us


https://doi.org/10.15837/ijccc.2025.1.6894 15

[33] Ghailani, J. S.; Khan, S. A. (2004); Quality of Secondary Education and Labor Market Require-
ment, Journal of Services Research, 4(1), 161-172.

[34] Gonzalez-Calatayud, V.; Prendes-Espinosa, P.; Roig-Vila, R. (2021); Artificial intelli-
gence for student assessment: A systematic review, Applied Sciences, 11(12), 5467,
https://doi.org/10.3390/app11125467.

[35] Goos, M.; Manning, A. (2007); Lousy and lovely jobs: the rising polarization of work in Britain,
The Review of Economics and Statistics, 89(1), 118–133, https://doi.org/10.1162/rest.89.1.118.

[36] Graetz, G.; Michaels, G. (2018); Robots at work, The Review of Economics and Statistics, 100(5),
753–768, https://doi.org/10.1162/rest-a-00754.

[37] Green, A. (2024); Artificial intelligence and the changing demand for skills in the labor market,
OECD Publishing, Paris.

[38] Green, A.; Lamby, L. (2023); The supply, demand and characteristics of the AI workforce across
OECD countries, OECD Publishing, Paris, https://doi.org/10.1787/bb17314a-en.

[39] Gregory, T.; Salomons, A.; Zierahn, U. (2016); Racing with or against the Machine? Evidence
from Europe, ZEW-Centre for European Economic Research Discussion Paper, Mannheim, Ger-
many, Paper 16-053, https://doi.org/10.2139/ssrn.2815469.

[40] Haugeland, J. (1989); Artificial intelligence: The very idea, MIT Press,
https://doi.org/10.7551/mitpress/1170.001.0001.

[41] Herdan, A.; Stuss, M. M. (2019); Shaping the Competences of Graduates of Higher Education
for the Needs of the EU Labor Market - Case Study of Business School Students, Proceedings of
the 7th Teaching & Education Conference, London, https://doi.org/10.20472/TEC.2019.007.006.

[42] Hu, L. T.; Bentler, P. M. (1999); Cutoff Criteria for Fit Indexes in Covariance Structure Analy-
sis: Conventional Criteria Versus New Alternatives, Structural Equation Modeling: A Multidisci-
plinary Journal, 6(1), 1-55.

[43] IBM Institute for Business Value (2024); Augmented work for an automated, AI-driven world,
Available at: https://www.ibm.com/thought-leadership/institute-business-value/
en-us/report/augmented-workforce, [Accessed 15 06 2024].

[44] Jongwanich, J.; Kohpaiboon, A.; Obashi, A. (2022); Technological advancement, import
penetration and labor markets: evidence from Thailand, World Development, 151, 105746,
https://doi.org/10.1016/j.worlddev.2021.105746.

[45] Jorgenson, D. (2001); Information technology and the US economy, American Economic Review,
91(1), 1–32, https://doi.org/10.1257/aer.91.1.1.

[46] Ka, H. (2023); Evaluation of Technological Breakthrough in Global Education and Fu-
ture Employment Opportunity, Journal of Liberal Arts and Humanities, 8(4), 1-62,
https://doi.org/10.48150/jlah.v4no8.2023.a1.

[47] Kaggwa, S.; Eleogu, T. F.; Okonkwo, F.; Farayola, O. A.; Uwaoma, P. U.; Akinoso, A. (2024);
AI in decision making: transforming business strategies, International Journal of Research and
Scientific Innovation, 10(12), 423-444.

[48] Kenny, D. A.; McCoach, D. B. (2003); Effect of the number of variables on measures of fit in
structural equation modeling, Structural Equation Modeling, 10(3), 333-351.

[49] Kim, K.; Kwon, K. (2023); Exploring the AI competencies of elementary school
teachers in South Korea, Computers and Education: Artificial Intelligence, 4, 100137,
https://doi.org/10.1016/j.caeai.2023.100137.

https://www.ibm.com/thought-leadership/institute-business-value/en-us/report/augmented-workforce
https://www.ibm.com/thought-leadership/institute-business-value/en-us/report/augmented-workforce


https://doi.org/10.15837/ijccc.2025.1.6894 16

[50] Luckin, R. (2017); Towards artificial intelligence-based assessment systems, Nature Human Be-
haviour, 1, 0028, https://doi.org/10.1038/s41562-016-0028.

[51] Maxwell, S. E.; Delaney, H. D. (2004); Designing Experiments and Analyzing Data: A Model
Comparison Perspective (2nd Edition), Mahwah, NJ: Lawrence Erlbaum Associates Publishers.

[52] Mitchell, M. (2019); Artificial Intelligence: A Guide for Thinking Humans, London, UK: Pelican
Books.

[53] Ng, D.T.K.; Leung, J.K.L.; Su, J.; Ng, R.C.W.; Chu, S.K.W. (2023); Teachers’ AI digital com-
petencies and twenty-first century skills in the post-pandemic world, Educational Technology
Research and Development, 71, 137-161, https://doi.org/10.1007/s11423-023-10203-6.

[54] OECD (2022); The impacts of artificial intelligence on the workplace,
Available at: https://www.oecd.org/future-of-work/reports-and-data/
impacts-of-artificial-intelligence-on-the-workplace.htm, [Accessed 03 06 2024].

[55] OECD (2023); Future of work, Available at: https://www.oecd.org/en/topics/
policy-issues/future-of-work.html, [Accessed 12 06 2024].

[56] Organisation for Economic Co-operation and Development (2019); OECD AI Principles Overview,
Available at: https://oecd.ai/en/ai-principles, [Accessed 23 05 2024].

[57] Reamer, F. (2023); Artificial Intelligence in Social Work: Emerging Ethical Issues, International
Journal of Social Work Values and Ethics, 20(2), DOI: 10.55521/10-020-205.

[58] Shiohira, K. (2021); Understanding the impact of artificial intelligence on skills development,
UNESCO-UNEVOC.

[59] Simut, R.; Simut, C.; Badulescu, D.; Badulescu, A. (2024); Artificial Intelligence
and the Modelling of Teachers’ Competencies, Amfiteatru Economic, 26(65), 181-200,
https://doi.org/10.24818/EA/2024/65/181.

[60] Sollosy, M.; McInerney, M. (2022); Artificial intelligence and business education: What
should be taught, The International Journal of Management Education, 20(3), 100720,
https://doi.org/10.1016/j.ijme.2022.100720.

[61] Sun, Z.; Hou, Y. (2019); How does industrial intelligence reshape the employ-
ment structure of Chinese labor force, China Industrial Economics, 5, 61–79,
https://doi.org/10.19581/j.cnki.ciejournal.2019.05.004.

[62] Tedre, M.; Toivonen, T.; Kahila, J.; Vartiainen, H.; Valtonen, T.; Jormanainen, I.;
Pears, A. (2021); Teaching Machine Learning in K–12 Classroom: Pedagogical and Tech-
nological Trajectories for Artificial Intelligence Education, IEEE Access, 9, 110558–110572,
https://doi.org/10.1109/ACCESS.2021.3097962.

[63] Terentyeva, I. V.; Kirillova, O.; Kirillova, T.; Pugacheva, N.; Lunev, A.; Chemerilova, I.;
Luchinina, A. (2018); Arrangement of cooperation between labor market and regional voca-
tional education system, International Journal of Educational Management, 32(6), 1041–1055,
https://doi.org/10.1108/IJEM-10-2017-0296.

[64] Thomas, M. (2017); The rise of technology and its influence on labor market outcomes, Proceed-
ings of the Gettysburg Economic Review, https://cupola.gettysburg.edu/ger/vol10/iss1/3.

[65] UK Government Office for Science (2016); Artificial intelligence: opportunities and impli-
cations for the future of decision making, Available at: https://www.gov.uk/government/
publications/artificial-intelligence-an-overview-for-policy-makers, [Accessed 23 05
2024].

https://www.oecd.org/future-of-work/reports-and-data/impacts-of-artificial-intelligence-on-the-workplace.htm
https://www.oecd.org/future-of-work/reports-and-data/impacts-of-artificial-intelligence-on-the-workplace.htm
https://www.oecd.org/en/topics/policy-issues/future-of-work.html
https://www.oecd.org/en/topics/policy-issues/future-of-work.html
https://oecd.ai/en/ai-principles
https://www.gov.uk/government/publications/artificial-intelligence-an-overview-for-policy-makers
https://www.gov.uk/government/publications/artificial-intelligence-an-overview-for-policy-makers


https://doi.org/10.15837/ijccc.2025.1.6894 17

[66] Wang, X.; Chen, M.; Chen, N. (2024); How artificial intelligence affects the labor force employ-
ment structure from the perspective of industrial structure optimisation, Heliyon, 10, e26686,
https://doi.org/10.1016/j.heliyon.2024.e26686.

[67] World Bank (2019); The Role of Artificial Intelligence in Supporting Development in
Emerging Markets, Available at: https://documents.worldbank.org/pt/publication/
documents-reports/, [Accessed 03 08 2024].

[68] World Economic Forum (2023); The Future of Jobs Report 2023, Geneva, Switzerland: WEF.

[69] World Economic Forum (2024); Why there will be plenty of jobs in the future -
even with artificial intelligence, Available at: https://www.weforum.org/agenda/2024/02/
artificial-intelligence-ai-jobs-future/, [Accessed 03 08 2024].

[70] Wu, J.; Wang, X.; Dang, Y.; Lv, Z. (2022); Digital twins and artificial intelligence in transporta-
tion infrastructure: Classification, application, and future research directions, Computers and
Electrical Engineering, 101, 107983, https://doi.org/10.1016/j.compeleceng.2022.107983.

[71] Xia, Q.; Chiu, T.K.F.; Lee, M.; Temitayo, I.; Dai, Y.; Chai, C.S. (2022); A Self-determination
theory design approach for inclusive and diverse Artificial Intelligence (AI) K-12 education, Com-
puters & Education, 189, 104582, https://doi.org/10.1016/j.compedu.2022.

[72] Yu, K.H.; Beam, A.; Kohane, I. (2018); Artificial intelligence in healthcare, Nature Biomedical
Engineering, 2, 719–731, https://doi.org/10.1038/s41551-018-0305-z.

[73] Zhai, S.; Liu, Z. (2023); Artificial intelligence technology innovation and firm
productivity: evidence from China, Finance Research Letters, 58, 104437,
https://doi.org/10.1016/j.frl.2023.104437.

[74] Zou, W.; Xiong, Y. (2023); Does artificial intelligence promote industrial upgrading?
Evidence from China, Economic Research-Ekonomska Istrazivanja, 36(120), 1666–1687,
https://doi.org/10.1080/1331677x.2022.2092168.

https://documents.worldbank.org/pt/publication/documents-reports/
https://documents.worldbank.org/pt/publication/documents-reports/
https://www.weforum.org/agenda/2024/02/artificial-intelligence-ai-jobs-future/
https://www.weforum.org/agenda/2024/02/artificial-intelligence-ai-jobs-future/


https://doi.org/10.15837/ijccc.2025.1.6894 18

Appendix
Description of the constructs

The constructs Item Description

Labor market
demands (LMD)

LMD1 Ability to interpret and use
AI information in decision-making.

LMD2 Creativity and innovation to
complement AI algorithms and models.

LMD3 Ethical considerations in the
oversight and implementation of AI systems.

LMD4 Problem solving skills in AI workflows.

Preparedness for
AI-based careers

(PCBA)

PCBA1 Develop a solid foundation in data analysis.
PCBA2 Integrate AI with domain-specific knowledge.

PCBA3 Encourage critical thinking
and problem-solving in AI-related contexts.

PCBA4 Incorporate curricular
aspects of AI ethics and societal impact.

PCBA5 Gain practical experience in developing AI projects.

The role of
educational system

(ESR)

ESR1 Develop training programs
focused on AI to improve workforce skills.

ESR2 Promote AI education initiatives for all age groups.

ESR3 Encourage the development of
AI skills in disadvantaged communities.

ESR4 Support AI research across all educational fields.

ESR5 Encourage collaboration between the
educational system and the business sector on AI projects.

The role of
business sector

(BSR)

BSR1 Promote curiosity and
openness towards AI created opportunities.

BSR2 Encourage collaboration and teamwork.
BSR3 Develop best practices in AI implementation strategies.
BSR4 Promote adaptability to changes brought about by AI.

BSR5 Knowledge of AI applications
in fintech (financial technology).

Educational
competencies

(EC)

EC1 Encourage ongoing learning
and skill enhancement in AI-related fields.

EC2 Develop interdisciplinary
skills that combine AI with domain-specific knowledge.

EC3 Cultivate expertise in AI regulations and its ethical use.

EC4 Provide practical experience in
developing AI applications and projects.

EC5 Competence in using AI for data analysis.
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