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Abstract

This paper examines the relationship between learning environments and changes in Infor-
mation and Communication Technologies (ICT)-related career aspirations across education
systems in the context of ongoing digital transformation. The analysis uses country-level
data from the Programme for International Student Assessment (PISA) 2018 and 2022,
combining indicators of student autonomy, digital skills and teacher support. Digital
readiness is operationalized as a latent country-level construct combining digital skills,
student autonomy and perceived teacher support. The study uses regression analysis as
the primary associational approach, complemented by clustering and latent-representation
techniques used for exploratory profiling and visualization. Unlike prior research that
treats learning loss, digital skills and career expectations separately, our analysis integrates
them within a comparative longitudinal framework. It shifts the focus from short-term
post-pandemic effects toward the broader capacity of education systems to support digi-
tal preparedness and future-oriented career expectations. Digital skills were consistently
associated with ICT aspiration growth across education systems, while teacher support
played a complementary contextual role. Autonomy shows weaker, context-dependent
effects. The findings support interpreting digital readiness as a multidimensional construct
reflecting combinations of digital skills, autonomy and teacher support.

Keywords: digital readiness; digital skills; ICT career aspirations; educational transformation;
PISA analysis

1. Introduction
The expansion of digital technologies, intensified by the COVID-19 pandemic and

accompanied by the growing importance of artificial intelligence (AI) and digital economies,
has transformed both the conditions of learning and the skills required for future labor
market participation. In this context, a key question is whether education systems are
developing sufficiently strong educational and digital foundations to prepare students for
increasingly digital and AI-mediated societies. Although recent research has extensively ex-
amined post-pandemic learning loss, digital inequalities and the growing relevance of ICT-
and AI-related skills, few studies have simultaneously examined learning environments,
digital competencies and changes in ICT-related career aspirations using comparative
longitudinal country-level data [1–11]. Further, studies on educational outcomes tend to
focus on performance decline, while labor market research emphasizes the rise of digital
occupations without systematically linking these developments to the structural condi-
tions of education systems. As a result, limited attention has been paid to the relationship
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between learning environments, digital preparedness and changes in students’ occupa-
tional expectations across countries. In particular, limited comparative evidence exists
regarding how learning environments and digital preparedness is associated with changes
in ICT-related career aspirations across education systems over time. In this study, ICT
career aspirations are interpreted not as a direct measure of AI preparedness, but as an
indirect indicator of students’ orientation toward digitally intensive occupational pathways
increasingly shaped by automation, datafication and AI-enabled work. The broader rele-
vance of AI-mediated societies is discussed in relation to digital transformation and future
labor-market change, while the empirical analysis focuses specifically on digital learning
conditions and ICT-related career aspirations [12–14].

Recent empirical evidence shows that post-pandemic learning loss has been unevenly
distributed across education systems and student groups, with socio-economic inequalities
shaping both academic recovery and access to learning opportunities [15–23]. At the same
time, studies on digital inequality and PISA-based evidence indicate that digital skills,
digital inclusion and students’ capacity to use technology for learning are closely associated
with educational performance and broader learning conditions [1–3,24–29]. In parallel,
research on AI and digitally enhanced learning environments suggests that educational
transformation depends not only on access to technology, but also on pedagogical design,
institutional readiness and the capacity of education systems to support meaningful dig-
ital engagement [12–14,30–32]. These debates are directly relevant for ICT-related career
aspirations, because students’ expectations about future digital occupations are shaped by
educational experiences, perceived digital competence, socio-economic context and the
visibility of digital career pathways [4–11].

We define digital readiness as the extent to which education systems provide the
digital skills, autonomy and pedagogical support needed for students to engage with
digitally intensive learning and occupational pathways [1,2,12,32]. In this sense, digital
readiness is not reduced to technological access but is interpreted as a multidimensional
educational condition combining competence, learner agency and institutional support.

Conceptually, the study is informed by career-development and learning perspectives,
which suggest that perceived competence, contextual support and learner agency are
related to students’ educational and occupational expectations [33]. From this perspective,
digital skills reflect perceived competence, teacher support captures pedagogical and
institutional guidance and autonomy reflects learner agency.

Thus, our study addresses this gap by investigating whether structural characteristics
of learning environments are associated with changes in ICT-related career aspirations. The
analysis is based on country-level indicators derived from PISA 2018 and PISA 2022 [15,16].
Measures of student autonomy, digital learning skills and perceived teacher support were
derived from variables and indices available in the PISA database and aggregated at
country level for cross-national comparison.

The main objective of our study is to examine whether education systems characterized
by stronger autonomy, more developed digital skills and higher levels of teacher support
are also those in which ICT-related career aspirations have grown more substantially
between 2018 and 2022. A second objective is to assess whether these relationships are
consistent across mathematics, reading and science. A third objective is to identify broader
structural profiles of educational readiness and evaluate whether such profiles help explain
cross-national heterogeneity in ICT aspiration dynamics. These objectives are reflected in
the following research questions:

RQ1: How are learning environment characteristics associated with cross-national
variation in academic outcomes and ICT-related career aspirations?
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RQ2: To what extent are the relationships between digital learning conditions and
academic performance consistent across Mathematics, Reading and Science?

RQ3: Can broader structural profiles of educational readiness explain variation in
ICT-related occupational expectations between 2018 and 2022?

In the present study, academic performance measures are treated primarily as con-
textual indicators reflecting broader learning-environment conditions rather than as the
principal outcomes of interest, which remain focused on ICT-related career aspirations and
digital readiness.

The originality of the study lies in its integrated perspective. Rather than examining
post-pandemic learning outcomes, digital skills or career expectations in isolation, our
study connects them within a comparative longitudinal framework. It thus shifts the focus
from short-term academic disruption to the broader question of whether education systems
are preparing students for participation in increasingly digital and AI-mediated societies.
Methodologically, the study combines comparative descriptive analysis with multivariate
and representation-learning techniques in order to capture both observable and latent
dimensions of educational readiness. More broadly, the study suggests that the transition
toward increasingly digital and AI-mediated societies should be understood not only as
a technological transformation, but also as a structural educational challenge shaped by
institutional, pedagogical and socio-economic conditions.

2. Literature Review
The COVID-19 pandemic and the expansion of digital technologies have significantly

transformed education systems, reshaping both learning environments and students’ skill
development. Evidence shows that school closures led to declines in academic performance,
particularly in domains such as mathematics and science [15–19]. Systematic reviews
further confirm that learning loss represents a global phenomenon, with heterogeneous
effects depending on socio-economic context and access to resources [20,21].

Beyond performance decline, the pandemic has amplified pre-existing inequalities in
education systems. Several studies emphasize that disadvantaged students were dispropor-
tionately affected due to limited access to digital infrastructure and institutional learning
support [22]. These findings are supported by international reports highlighting long-term
risks for human capital development and educational equity [23].

At the same time, the increasing integration of digital technologies has shifted atten-
tion from access to effective use, giving rise to the concept of the “second digital divide”.
Early research shows that inequalities in digital skills and usage significantly affect stu-
dents’ ability to navigate online information and learning environments [24–29]. More
recent cross-national studies based on PISA data confirm that digital competencies are
positively associated with academic achievement and broader educational performance
indicators [1–3].

In parallel, the role of artificial intelligence (AI) and digital tools in education has
gained more importance. Research indicates that digitally enhanced and AI-supported
learning environments can support knowledge acquisition, assessment processes and stu-
dent engagement, while also introducing new pedagogical challenges [13,30,31]. Empirical
evidence further suggests that digital and AI-based applications can support learning
beyond traditional classroom settings, although their effectiveness depends on institutional
and contextual factors [32]. At the system level, international assessments highlight the
importance of digital readiness and learning environments in shaping educational out-
comes [4,5]. AI-related literature is used here to contextualize the broader digital transfor-
mation of education, but the empirical analysis does not measure AI-specific competences
or AI use directly.
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Another important strand of the literature focuses on the relationship between digital
learning and career aspirations, particularly in ICT-related fields. Studies show that expo-
sure to ICT and the development of digital skills are associated with students’ attitudes
toward digitally intensive careers and their professional expectations [6–9]. Digital skills
may be associated with ICT-related career aspirations by strengthening students’ perceived
capacity to participate in technology-intensive learning and occupational environments,
while teacher support may be related to the confidence and guidance through which digital
exposure is translated into occupational expectations. Student autonomy is interpreted
as a condition of self-directed learning, but its influence is expected to depend on the
presence of adequate pedagogical and institutional support. Research on higher education
students further indicates that career aspirations in IT fields are associated with both skill
development and educational experiences [10,11]. The conceptual link between digital
competencies, learning environments and career aspirations can be interpreted through
career-development perspectives, particularly Social Cognitive Career Theory [33]. This
perspective emphasizes that students’ occupational expectations are related to perceived
competence, contextual support and learning experiences.

More recent contributions highlight that digital career aspirations are influenced by
broader socio-economic and contextual factors. Evidence suggests that gender, access
to digital resources and learning opportunities play an important role in shaping stu-
dents’ orientation toward digital professions [34,35], indicating that ICT-related career
expectations are not only associated by educational outcomes, but also by structural and
contextual conditions.

Recent studies based on PISA 2022 highlight the growing importance of digital readi-
ness and the long-term educational consequences of the COVID-19 pandemic. For instance,
Ref. [36] showed that while digital resources are increasingly integrated into mathematics
education, advanced applications such as simulations and coding remain underutilized,
and excessive digital use together with health-related issues negatively affect achievement.
Pena et al. [37] found that the pandemic contributed to declines in non-cognitive skills,
including growth mindset and school belonging, with stronger adverse effects among
disadvantaged students. Other researchers [38] further demonstrated that socioeconomic
inequalities in scientific literacy widened significantly between PISA 2018 and 2022. Also,
Ref. [39] reported that educational digitalization positively influenced students’ life sat-
isfaction by increasing learning interest and reducing anxiety. Finally, Bayesian network
analyses based on PISA 2022 data [40] confirmed that socioeconomic disparities remain
among the strongest determinants of performance in reading, science, and mathematics.

The literature suggests three converging points. First, digital competencies are related
to students’ capacity to participate in technology-mediated learning. Second, learning
environments and teacher support remain important because digital access alone does not
guarantee meaningful educational engagement. Third, ICT-related career aspirations ap-
pear to be associated not only with skills, but also with educational experiences and broader
socio-economic contexts. However, these strands of research are still rarely integrated in a
comparative longitudinal framework.

These studies suggest that learning environments, digital competencies and career
aspirations are closely interconnected, yet often analyzed separately. While existing re-
search provides important insights into learning loss, digital skills and ICT-related career
orientation, several gaps remain. First, most studies examine these dimensions indepen-
dently rather than within an integrated framework. Second, there is limited cross-national
evidence linking learning environments and digital preparedness to changes in career
aspirations over time. Third, relatively few studies examine educational preparedness in
the context of increasingly digital and AI-mediated societies. Within this framework, digital
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skills are interpreted as perceived competence resources, teacher support as pedagogical
and institutional guidance, and student autonomy as an indicator of self-directed learning
capacity. These three dimensions were therefore selected because they capture comple-
mentary components of digital readiness: competence, learner agency and pedagogical
support [1,2,12,32]. Therefore, the present study addresses these gaps by examining how
structural learning conditions are associated with changes in ICT-related career aspirations
across education systems between 2018 and 2022. The novelty of the present study does not
lie in examining digital skills, learning environments or ICT aspirations separately, but in
integrating these dimensions within a comparative longitudinal country-level framework
based on PISA 2018–2022 data. By combining these dimensions within a unified analytical
framework, the research contributes to the literature on comparative education, digital
transformation and future skills by providing a cross-national perspective on educational
readiness in the context of increasingly digital and AI-mediated societies. For this reason,
autonomy, digital skills and teacher support were selected as complementary dimensions
of digital readiness: autonomy captures learner agency, digital skills capture perceived
competence, and teacher support captures pedagogical and institutional support.

3. Methodology
The methodological design of the study was reorganized around a transparent and

reproducible country-level analytical workflow. The empirical analysis uses publicly
available OECD PISA 2018 and PISA 2022 tables and constructs a harmonized dataset at
the level of education systems. The main purpose of the workflow is to examine whether
learning-environment characteristics observed in PISA 2022 are associated with changes in
students’ ICT-related career aspirations between 2018 and 2022.

The analysis was structured into three analytical layers. The first layer represents the
primary empirical analysis and includes data extraction, harmonization, construction of
country-level indicators, descriptive statistics, cross-domain comparison and standardized
regression models. This layer directly addresses the research questions by examining the
relationship between student autonomy, digital learning skills, teacher support and changes
in ICT-related career aspirations.

The second layer consists of exploratory profiling analyses. Clustering and latent-
space visualization were used to describe similarities between education systems and
to identify broad profiles of educational readiness. These methods were not used as
confirmatory or predictive models, but as descriptive tools that complement the main
regression-based analysis.

The third layer includes supplementary analyses, such as Linear Discriminant Analy-
sis, Bayesian-network modeling, gender-related comparisons and model-based simulations.
These analyses were included only as additional exploratory checks of pattern consistency
and probabilistic co-occurrence. They are interpreted descriptively and do not imply causal
identification or predictive validation.

This tiered structure was adopted in order to separate the main empirical contribution
of the paper from additional exploratory analyses. Consequently, the interpretation of the
findings focuses primarily on the descriptive and associational evidence obtained from
the harmonized PISA indicators, while the more complex analytical tools are treated as
complementary evidence.

3.1. Data Sources and Analytical Sample

The empirical analysis is based on a harmonized country-level dataset constructed
from publicly available OECD PISA 2018 and PISA 2022 tables. The unit of analysis is the
education system/country. The dataset combines indicators of students’ career expecta-
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tions between 2018 and 2022 with PISA 2022 indicators describing learning-environment
characteristics, including student autonomy, digital learning skills and teacher support.

The main outcome variable is the change in ICT-related career aspirations between
PISA 2018 and PISA 2022. This variable was extracted from OECD Table II.B1.2.4, which
reports percentage-point differences in students’ career expectations across occupational
domains. In addition to ICT-related occupations, three complementary domains were re-
tained for descriptive comparison: health professions, science and engineering occupations,
and science-related technical occupations.

The main learning-environment indicators were extracted from PISA 2022 tables
reporting score differences associated with students’ experiences of learning at home
after accounting for students’ and schools’ socio-economic profile. Mathematics was used
as the primary domain for the main analysis, based on Table II.B1.2.26. Science and
reading indicators, extracted from Tables II.B1.2.27 and II.B1.2.28, were used for cross-
domain comparison.

All indicators were harmonized at country level. Country identifiers were cleaned
to remove footnote symbols and formatting inconsistencies, while non-numeric entries
and missing-value labels were converted into missing values. Countries with missing
information for the variables required in a specific analysis were excluded listwise from
that analysis. Therefore, the number of observations may differ slightly across descriptive,
regression and supplementary analyses, depending on data availability. This procedure
may reduce the available sample size and may introduce bias if missingness is system-
atically related to country characteristics. For this reason, sample sizes are reported by
analysis, and the results are interpreted cautiously.

The purpose of the data construction process was not to create entirely new pri-
mary measures, but to select, harmonize and combine existing OECD-reported indicators
within a comparative longitudinal framework. This approach allows the study to examine
whether cross-national differences in learning-environment characteristics are associated
with changes in ICT-related career aspirations between 2018 and 2022.

The indicators listed in Table 1 correspond either to OECD-reported percentage-point
differences between PISA 2022 and PISA 2018 or to OECD-reported score differences after
accounting for students’ and schools’ socio-economic profile. These indicators were merged
by harmonized country identifiers in order to construct the final country-level analytical
dataset. Since data availability differs across PISA tables, each analysis was conducted on
the maximum available sample for the variables involved, with listwise deletion applied
only within that specific analytical step.

Table 1. OECD PISA tables and indicators used in the analysis.

No. Data Source
(OECD) Description Years Domains Variables Used Indicator

Type/Interpretation

1 Table II.B1.2.4
Change between 2018
and 2022 in students’
career expectations

2018, 2022 Career
expectations

delta_ict, delta_health,
delta_sci_eng,
delta_sci_tech

OECD-reported
percentage-point

differences between PISA
2022 and PISA 2018

2 Table II.B1.2.26

Experience with
learning at home and

mathematics
performance

2022 Mathematics
autonomy_effect,

digital_effect,
teacher_support_effect

OECD-reported
mathematics score

differences after
accounting for students’

and schools’
socio-economic profile
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Table 1. Cont.

No. Data Source
(OECD) Description Years Domains Variables Used Indicator

Type/Interpretation

3 Table II.B1.2.27
Experience with

learning at home and
science performance

2022 Science
autonomy_effect,

digital_effect,
teacher_support_effect

OECD-reported science
score differences after

accounting for students’
and schools’

socio-economic profile

4 Table II.B1.2.28
Experience with

learning at home and
reading performance

2022 Reading
autonomy_effect,

digital_effect,
teacher_support_effect

OECD-reported reading
score differences after

accounting for students’
and schools’

socio-economic profile

3.2. Framework

The analytical framework was designed as a sequential and reproducible workflow
linking post-pandemic learning conditions to broader digital readiness and changes in
students’ ICT-related career aspirations. The framework reflects the temporal scope of the
study: PISA 2018 provides the pre-pandemic reference point for career expectations, while
PISA 2022 captures education systems after the major disruption caused by COVID-19
school closures and the expansion of digitally mediated learning. Therefore, the analysis
does not treat the data as a direct measure of preparedness for generative artificial intelli-
gence, but as evidence on digital learning conditions, learning-environment characteristics
and ICT-related occupational expectations.

The framework combines data harmonization, construction of country-level indicators,
descriptive analysis, regression-based association analysis and supplementary exploratory
techniques. Each component has a specific role in the study. Career-aspiration changes
and PISA-reported learning-environment effects constitute the core empirical variables. Re-
gression and correlation analyses are used to estimate associations between these variables.
Clustering, VAE-based latent representation, Linear Discriminant Analysis, model-based
simulation and Bayesian-network modeling are used as exploratory or supplementary
tools for profiling, visualization and pattern detection. This methodological hierarchy was
emphasized to avoid presenting exploratory tools as causal or confirmatory models [41–45].

The workflow distinguishes between four categories of analytical elements. The first
category includes observed career-aspiration changes between PISA 2018 and PISA 2022.
These variables measure percentage-point changes in students’ expected occupational
domains and include changes in ICT-related careers, health professions, science and en-
gineering occupations and science-related technical occupations. The second category
includes PISA 2022 learning-environment indicators, namely student autonomy, digital
learning skills and teacher support. These indicators are reported as score differences after
accounting for students’ and schools’ socio-economic profile.

The third category includes derived indicators used for exploratory analysis. These
include cluster membership from K-means clustering, latent coordinates obtained from the
VAE representation, a composite Digital Readiness Index, a binary ICT-growth indicator
used for LDA and model-based predicted values from the regression simulation. The
fourth category includes statistical outputs, such as regression coefficients, LDA coefficients,
Pearson correlations and Bayesian-network edges.

This organization clarifies that the study does not treat all analytical components as
having the same inferential status. The primary empirical contribution lies in examining
whether country-level learning-environment indicators are associated with changes in
ICT-related career aspirations between 2018 and 2022. The additional methods are used
to complement this analysis by describing profiles, visualizing latent similarities and
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exploring co-occurrence patterns. All results are interpreted as descriptive or associational
and do not imply causal identification.

Let i = 1, . . ., N denote education systems. The main variables are student autonomy
(Ai), digital learning skills (Di) and teacher support (Ti). Changes in ICT-related career
aspirations are denoted by ∆ICTi. Analogous changes are denoted for health professions,
science and engineering occupations and science-related technical occupations. The three
indicators were selected because they correspond to the conceptual dimensions of digital
readiness defined in the study: digital skills as perceived competence, autonomy as learner
agency, and teacher support as pedagogical and institutional support.

3.2.1. Data Extraction, Harmonization and Numerical Encoding

For each education system (i), the framework extracts two categories of indicators.
The first category refers to changes in students’ career expectations between PISA 2018 and
PISA 2022. The second category refers to learning-environment characteristics reported in
PISA 2022, including student autonomy, digital learning skills and teacher support.

The OECD table entries were cleaned and converted into numerical values using a
rule-based parsing procedure. Country identifiers were harmonized across tables, and
indicators were merged at country level. Non-numeric or missing-value entries were
converted into missing values, and listwise deletion was applied only within the analyses
requiring the affected variables.

For each country (i), the change in ICT-related career aspirations was defined as:

∆ICTi = ICTi,2022 − ICTi,2018 (1)

where ICTi,t denotes the percentage of students in country i expressing interest in ICT
professions in year t. Analogous change indicators are computed for the remaining occupa-
tional domains and used in comparative and multivariate analyses. These additional do-
mains were retained for descriptive comparison and supplementary probabilistic analysis.

After harmonization, all indicators were merged into country-level analytical datasets
combining learning-environment characteristics and longitudinal changes in occupational
expectations. Countries with missing values in the variables required for a specific analysis
were excluded listwise only from that analysis.

3.2.2. Primary Association Analyses

The primary empirical analysis examines whether learning-environment indicators
are associated with changes in ICT-related career aspirations. The dependent variable is
the percentage-point change in ICT-related career aspirations between PISA 2018 and PISA
2022, while the predictors are student autonomy, digital learning skills and teacher support.

Before model estimation, predictors were standardized in order to ensure comparabil-
ity of coefficient magnitudes. For each indicator x ∈ {A, D, T}, a z-score transformation is
applied as follows:

zi,x =
xi − µx

σx
(2)

where µx and σx denote the mean and standard deviation of indicator x across all countries,
ensuring that each dimension contributes equally to distance-based methods and prevents
any single indicator from dominating the clustering solution due to scale differences.

The main regression specification is

∆ICTi = β0 + β1 Ai + β2Di + β3Ti + εi (3)
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where ∆ICTi denotes the change in ICT-related career aspirations, and Ai, Di and Ti de-
note standardized learning-environment indicators. The regression coefficients estimate
conditional associations between learning-environment characteristics and ICT aspiration
growth. They are interpreted as associational estimates and not as causal effects. Basic re-
gression diagnostics were inspected, including residual distribution, homoscedasticity and
multicollinearity among predictors. Given the limited country-level sample, these checks
were interpreted descriptively and used to assess the robustness of the main associational
patterns rather than to support causal inference.

In addition, interaction terms between autonomy and teacher support were explored
to examine whether the association between autonomy and digital learning outcomes
differs depending on the level of teacher support. These interaction models are treated as
exploratory and are interpreted cautiously.

3.2.3. Cross-Domain Consistency Analysis

To examine whether learning-environment indicators display similar patterns across
academic domains, the extraction procedure was repeated for Mathematics, Reading
and Science. For each domain d ∈ {math, reading, science}, domain-specific effects of
student autonomy, digital learning skills and teacher support were extracted using the
same harmonization and parsing procedure applied in the baseline analysis.

Cross-domain consistency was evaluated by computing pairwise Pearson correlation
coefficients between homologous indicators across domains. For example, the stability of
autonomy effects between mathematics and reading was assessed as

ρ
(

Amath, Areading
)
= corr

(
Amath

i , Areading
i

)
(4)

and analogously for science. The same procedure was applied to digital learning effects
and teacher support effects.

Beyond correlational consistency, domain-specific differences in effect magnitudes
were examined using paired statistical tests. In particular, paired t-tests were applied to
digital learning effects across domains:

H0 : E
[

D(math)
i

]
= E

[
D(reading)

i

]
H0 : E

[
D(math)

i

]
= E

[
D(science)

i

]
H0 : E

[
D(reading)

i

]
= E

[
D(science)

i

]
(5)

These analyses were used to assess whether the observed learning-environment pat-
terns are domain-specific or reflect broader system-level characteristics of education systems
after the pandemic-related disruption.

3.2.4. Exploratory Profiling of Education Systems

Exploratory profiling methods were used to describe similarities between education
systems in terms of autonomy, digital skills and teacher support. These methods were
included to support interpretation and visualization, not to provide confirmatory evidence.

First, K-means clustering was applied to standardized learning-environment indica-
tors to identify groups of education systems with similar profiles. Clustering was included
to identify descriptive profiles of education systems with similar configurations of auton-
omy, digital skills and teacher support, rather than to establish statistically fixed country
categories [41,42]. The objective of K-means is to partition the set of countries into K clusters
{C1, . . . , CK}, such that the within-cluster sum of squared deviations is minimized:

J =
K

∑
k=1

∑i∈ ck
| Zi − µk |2 (6)

where Zi denotes the standardized feature vector for country (i), and µk denotes the
centroid of cluster CK. The resulting clusters are interpreted as descriptive typologies
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of education systems characterized by different configurations of autonomy, digital pre-
paredness and teacher support. The number of clusters was selected using standard
exploratory criteria, including the elbow criterion and silhouette coefficient, together with
the interpretability of the resulting country profiles.

Second, a Variational Autoencoder was used as an exploratory dimensionality-
reduction tool. Given the limited country-level sample size, the VAE was not used as
a predictive deep-learning model. Instead, it was used to generate a two-dimensional latent
representation that visualizes similarities between education systems based on standard-
ized learning-environment indicators. Compared with PCA or MDS, the VAE was used to
provide a flexible latent representation that can capture possible non-linear similarities be-
tween education systems. However, given the limited number of countries, it is interpreted
only as an exploratory visualization tool, not as a predictive deep-learning model. The
resulting latent coordinates were summarized into a composite Digital Readiness Index
used only for exploratory correlation analysis with ICT aspiration growth. The index is
interpreted as a compact representation of relative readiness profiles, not as a validated
measure of digital or AI preparedness [43,44].

The latent representation is interpreted descriptively as a compact visualization of
digital-readiness profiles. It does not represent a validated measure of generative AI
preparedness, but rather an exploratory representation of digital learning conditions and
structural similarities between education systems.

3.2.5. Supplementary Analyses: LDA, Model-Based Simulation and Bayesian Network

Several supplementary analyses were conducted to examine the stability and inter-
pretability of the observed patterns from alternative analytical perspectives.

First, Linear Discriminant Analysis was used as an exploratory classification tool.
LDA was included to assess whether the selected readiness indicators provide a simple
descriptive separation between countries with higher and lower ICT aspiration growth [45].
Countries were divided into groups with relatively higher and lower ICT aspiration growth,
and LDA was used to assess whether these groups could be partially separated based on
autonomy, digital skills and teacher support. The discriminant function is

δ(Xi) = w⊤Xi (7)

where Xi is the vector of standardized predictors. The LDA results are interpreted as
descriptive evidence of group separation rather than as predictive validation.

Second, model-based simulations were conducted using the fitted linear regression
model. In these simulations, standardized autonomy was increased by one standard
deviation while digital skills and teacher support were held constant:

Acf
i = Ai + 1 (8)

The predicted change in ICT aspirations was then computed as

∆̂ICT
cf
i = β̂0 + β̂1 Acf

i + β̂2Di + β̂3Ti (9)

This procedure was used only to illustrate predicted differences under the fitted model
assumptions. It does not represent a causal counterfactual intervention.

Third, Bayesian-network modeling was used as a descriptive probabilistic tool to
explore co-occurrence patterns between changes in occupational aspiration domains. This
approach was used to explore whether changes in ICT aspirations tend to co-occur with
changes in other occupational aspiration domains [40]. The variables included changes
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in aspirations for ICT, health professions, science and engineering, and science-related
technical occupations:

Yi = (∆Healthi, ∆SciEngi, ∆SciTechi, ∆ICTi) (10)

Given the limited country-level sample size, these variables were discretized into
low, medium and high categories before estimation. The network structure was estimated
using a score-based hill-climbing procedure, and conditional probabilities were estimated
from the discretized data. The resulting Bayesian network is interpreted as an exploratory
representation of probabilistic co-occurrence between occupational aspiration domains, not
as a causal structure.

The methodological flowchart is presented in Figure 1.

Figure 1. Methodological workflow of the study.

The analyses were conducted in Python 3.12 using standard data-processing, statistical
and machine-learning libraries. Intermediate datasets and scripts were retained to allow
the reported tables and figures to be regenerated from the original OECD PISA tables.

4. Results
This section presents the results obtained from the application of the analytical frame-

work to the harmonized PISA 2018–2022 datasets.
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4.1. Changes in Career Aspirations Between 2018 and 2022

The first layer of analysis examines the distribution and cross-domain structure of
changes in students’ career expectations between PISA 2018 and PISA 2022 (Figure 2).
The focus is placed on ICT-related occupations, complemented by comparative evidence
from health professions, science and engineering occupations and science-related technical
careers, establishing the empirical baseline for the subsequent modeling stages.

Figure 2. Distribution of ICT aspiration change (2018–2022).

The distribution of country-level changes in students’ interest in ICT-related careers
between 2018 and 2022 is positively skewed, with most observations concentrated between
0 and 2 percentage points, indicating that most education systems experienced moderate
increases in ICT career aspirations. The presence of a pronounced right tail, with several
countries exhibiting large positive changes (∆ICT > 4), points to the existence of outliers
characterized by accelerated growth in ICT-related career interest, potentially reflecting
differences in national educational and labor-market contexts, including the perceived
attractiveness of ICT-related occupations. At the same time, a small number of negative
values indicate that not all countries experienced growth in ICT aspirations, suggesting that
structural constraints or alternative career orientations may still shape students’ expecta-
tions in certain education systems. Figure 3 ranks the ten countries with the largest positive
changes in ICT career interest. The large positive deltas observed for countries such as
Turkey, Kosovo, Saudi Arabia and Uruguay indicate a pronounced reorientation of student
aspirations toward ICT professions, showing that, in some education systems, the perceived
attractiveness of ICT careers has shifted substantially over a relatively short period.

Additionally, Figure 4 examines the association between changes in interest in Science
& Engineering careers and changes in ICT career interest. The dispersion of points suggests
a weak-to-moderate positive relationship, indicating that increases in ICT interest are often,
but not always, accompanied by increases in broader STEM-oriented aspirations. Several
countries display strong positive ICT growth despite stagnant or declining interest in
traditional science and engineering fields, suggesting a partial decoupling between ICT
and classical STEM trajectories. This pattern implies that ICT careers increasingly function
as a distinct and attractive pathway, not merely as a subset of general STEM professions.
Conversely, the presence of countries with declining science and engineering interest
and modest ICT growth points to differentiated structural dynamics across scientific and
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technological domains. This pattern suggests that ICT aspiration growth is not a uniform
response to digital transformation but varies according to national educational and labor-
market contexts.

Figure 3. Top 10 increases in ICT career aspirations (2018–2022).

Figure 4. Relationship between changes in ICT and science and engineering aspirations (2018–2022).

The heatmap in Figure 5 provides a comparative overview of changes in career interest
across four domains (health, science and engineering, science-related technical occupations
and ICT) for the countries with the largest variation. The results reveal pronounced
cross-domain heterogeneity, with several education systems showing strong increases in
ICT interest alongside more moderate or even negative changes in traditional scientific
and health-related careers. At the same time, some countries exhibit parallel increases
across multiple domains, indicating more general expansions in career expectations rather
than sector-specific shifts. ICT growth appears to coexist with divergent trajectories in
other fields, potentially reflecting both substitution and complementarity patterns across
occupational domains.
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Figure 5. Heatmap of multidomain changes in career aspirations (Top 20 most volatile countries).

The distributional analysis in Figure 6 further reinforces these differences across
domains. ICT exhibits a clearly positive median change and several high positive outliers,
indicating consistent growth across countries. In contrast, science and engineering shows
a slightly negative median and substantial dispersion, reflecting heterogeneous and, in
some cases, declining interest. The health domain presents a more balanced distribution
around a small positive median, but with wide variability across countries. Science-related
technical occupations display the lowest dispersion and a median close to zero, suggesting
relatively stable career expectations, highlighting a structural divergence between ICT
and the other domains. ICT stands out as the only field with a consistently positive
shift, whereas traditional STEM and health-related careers exhibit more fragmented and
context-dependent trajectories.

Figure 6. Boxplot of changes in career aspirations by domain (2018–2022).
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The figures show that ICT-related career aspirations increased in many education
systems between 2018 and 2022, although the magnitude of change varied substantially
across countries and across occupational domains.

4.2. Latent Profiles of Digital Readiness Across Education Systems

The second layer of results focuses on the latent profiling of education systems based
on learning environment indicators, with the aim of uncovering structural patterns of
readiness for digital transformations. A VAE is employed to project standardized indicators
of student autonomy, digital learning skills and teacher support into a low-dimensional
latent space, which can be interpreted as a continuous representation of digital readiness.
The two-dimensional latent representation derived from the VAE, based on standardized
indicators of student autonomy, digital skills and teacher support, reveals substantial
cross-national heterogeneity in structural digital readiness across education systems. The
absence of sharp boundaries suggests overlapping profiles of readiness, with gradual
transitions between lower- and higher-capacity systems. Countries positioned in regions
with higher latent values can be interpreted as having relatively more favorable digital-
readiness profiles, while those located in lower regions reflect weaker combinations of
digital skills, autonomy and teacher support (Figure 7). The overlap between latent profiles
suggests that readiness should be interpreted as a continuum rather than as a set of clearly
separated country groups.

Figure 7. VAE latent space of education systems.

The latent space representation is extended by encoding ICT career aspiration growth
(2018–2022) as a color gradient, enabling an integrated assessment of the relationship be-
tween structural educational readiness and changes in ICT-related career interest (Figure 8).
The resulting distribution reveals substantial heterogeneity across education systems, with-
out a clear positive association between latent-readiness positioning and ICT aspiration
growth. Countries with comparable structural profiles display heterogeneous outcomes,
highlighting the role of additional contextual factors.
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Figure 8. VAE latent space colored by ICT aspiration change (2018–2022).

The latent digital-readiness representation exhibited a weak but statistically significant
negative correlation with changes in ICT-related career aspirations (r = −0.242, p = 0.047),
suggesting that higher latent-readiness positioning was not systematically associated with
stronger ICT aspiration growth across education systems.

The ranking of countries based on the composite Digital Readiness Index reveals a
strong concentration of high-readiness profiles among advanced education systems, with
countries such as Korea, Finland, The Netherlands and New Zealand occupying the leading
positions (Figure 9).

Figure 9. Top 15 education systems by Digital Readiness Index.
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4.3. Learning Environment Effects, Typologies and Cross-Domain Consistency

The joint distribution of school autonomy, digital skills and teacher support highlights
the multi-dimensional nature of educational readiness for digital transformation (Figure 10).

Figure 10. Autonomy × digital skills × teacher support (bubble plot, mathematics).

Intermediate clusters in Figure 11 indicate that autonomy alone is not sufficient to
ensure strong digital outcomes. Some systems exhibit relatively high autonomy but only
moderate digital performance, while others achieve reasonable digital skills despite limited
autonomy. The typology highlights substantial heterogeneity across education systems
and suggests that the relationship between autonomy and digital skills is conditional on
broader systemic factors.

Figure 11. Clusters of education systems based on autonomy and digital skills (mathematics).

The relationship between school autonomy and digital skills across mathematics,
reading and science is weakly positive but highly dispersed, indicating substantial cross-
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national heterogeneity (Figure 12). While some education systems exhibit a clear positive
association, where higher autonomy coincides with stronger digital competencies, many
countries deviate from this pattern. The dispersion varies across domains, with reading
and science showing a higher concentration of observations in the upper range compared
to mathematics.

Figure 12. Autonomy versus digital skills effects across domains (mathematics, reading, science).

4.4. Distribution and Heterogeneity of ICT Career Aspiration Change (2018–2022)

The distribution of changes in ICT career aspirations between 2018 and 2022 confirms
the substantial cross-national heterogeneity identified in the previous analyses. While
most countries exhibit moderate increases in ICT-related aspirations, the presence of both
extreme positive cases and stagnating systems suggests that ICT career dynamics remain
strongly context-dependent across education systems.

4.5. Interaction Between Autonomy, Teacher Support and Digital Skills

The interaction between autonomy, teacher support and digital skills reveals important
conditional patterns in the relationship between learning environments and ICT-related
career aspirations.

The interaction coefficient between autonomy and teacher support was negative but
statistically non-significant (β = −0.059, p = 0.628), suggesting that the interaction pattern
observed in Figure 13 should be interpreted cautiously and primarily as an exploratory
visualization rather than as strong statistical evidence of moderation effects.
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Figure 13. Interaction: Autonomy × Teacher support (PISA 2022).

4.6. Gender Disparities in Autonomy, Digital Learning and ICT-Related Outcomes

The relationship between gender differences in perceived autonomy and the effect
of autonomy on mathematics performance is highly dispersed, indicating no systematic
alignment between the two (Figure 14).

Figure 14. Gender differences in autonomy effects.

Across countries, positive or negative autonomy effects coexist with both female and
male advantages in perceived autonomy, suggesting that gender differences in autonomy
are not consistently associated with performance outcomes. This pattern implies that the
aggregate effects of autonomy do not appear to differ systematically by gender at country
level. The absence of a clear relationship indicates that differences in access to autonomy
do not automatically translate into differential academic returns.
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4.7. Classification of Education Systems by ICT Aspiration Growth

This section examines whether structural characteristics of education systems can
discriminate between countries with high versus low growth in ICT career aspirations
(Figure 15). A Linear Discriminant Analysis (LDA) model was estimated using standardized
indicators of school autonomy, digital skills and teacher support, with countries classified
based on their level of ICT aspiration growth. The average classification accuracy obtained
across folds indicates that the structural learning environment indicators possess non-
trivial discriminative power in separating countries by ICT aspiration growth trajectories.
However, the accuracy remains moderate rather than high, suggesting that while these
features contain relevant information, they do not fully determine the differences observed
in ICT career dynamics.

Figure 15. Linear Discriminant Analysis of education systems by ICT aspiration growth.

Countries with higher ICT aspiration growth tend to exhibit higher discriminant scores,
while low-growth systems are concentrated in the lower range. However, the substantial
overlap between groups indicates that no clear boundary separates growth trajectories
based solely on educational indicators. This overlap highlights that ICT career dynam-
ics are not fully determined by school-level conditions. Instead, learning environments
act as enabling factors that increase the likelihood of ICT-oriented aspirations, without
guaranteeing their emergence.

4.8. Regression Results

Table 2 reports the OLS regression estimates linking autonomy, teacher support and
their interaction to standardized digital-skills outcomes. The results indicate that autonomy
exhibits a weak positive association with digital skills, while teacher support and the
interaction term remain statistically non-significant. These estimates are interpreted as
country-level associations rather than causal effects.

Table 2. OLS regression estimates for digital-skills outcomes.

Predictor Coefficient (β) Std. Error p-Value 95% CI

Intercept 0.023 0.121 0.848 [−0.218, 0.264]
Autonomy 0.249 0.122 0.046 [0.005, 0.492]
Teacher support 0.057 0.122 0.642 [−0.186, 0.300]
Autonomy × Teacher support −0.059 0.120 0.628 [−0.298, 0.181]
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4.9. Model-Based Simulation

The counterfactual simulation evaluates the effect of increasing school autonomy by
one standard deviation while holding digital skills and teacher support constant. The
results indicate that the predicted increase in ICT career aspirations is modest on average
and exhibits substantial variation across countries. In most cases, the simulated increase in
autonomy leads to only limited changes in predicted ICT aspiration levels, suggesting that,
although autonomy contributes to ICT career orientation, its marginal impact is relatively
small compared to the effects associated with digital skills and teacher support.

At the same time, the comparison between observed and predicted values reveals
that the model does not fully capture extreme cases of ICT aspiration growth. Several
countries with high observed increases in ICT interest display much lower predicted values
under the counterfactual scenario, indicating that additional contextual factors beyond
learning environments influence these dynamics. The counterfactual analysis confirms that
interventions focused exclusively on increasing autonomy may be insufficient to generate
substantial shifts in ICT-related career aspirations.

4.10. Probabilistic Relationships Between Career Domains

The Bayesian network analysis does not identify significant conditional dependencies
between changes in ICT career aspirations and shifts in other occupational domains. The
learned structure contains no edges, indicating that changes in ICT aspirations are not
systematically linked to contemporaneous changes in health, science and engineering, or
science-related technical career expectations. The marginal distribution of ICT aspiration
changes is evenly distributed across the three categories (low, medium, high), further
suggesting the absence of dominant dependency patterns within the observed data.

5. Discussion
5.1. Interpretation of ICT Aspiration Dynamics

The findings suggest a structurally uneven transformation of career aspirations toward
ICT between 2018 and 2022. While the overall distribution indicates a general tendency
toward increased ICT interest, country-level differences reveal substantial divergence in
how education systems are positioned in relation to digitalization. The weak coupling
between ICT and traditional STEM changes suggests that ICT-related aspirations may
be evolving as a partially distinct domain in the analyzed data. These differences may
reflect unmeasured national factors, such as labor-market signals, policy emphasis on
digital education or social perceptions of ICT careers, which are not directly modeled in the
present analysis.

The absence of Bayesian-network dependencies provides exploratory support for
the view that ICT aspiration dynamics may not simply mirror changes in traditional
STEM or health-related aspirations. However, this should not be interpreted as evidence
of full independence between domains, because the analysis is based on country-level
aggregated and discretized variables. Countries with stronger ICT aspiration growth may
reflect contexts in which digital careers became more visible, economically attractive or
institutionally promoted between 2018 and 2022. Such increases may be associated with
labor-market demand for ICT skills, expectations of higher wages in technology-related
occupations, national digitalization or AI strategies, media attention to digital careers
and broader social perceptions of ICT as a stable and future-oriented career path. These
explanations are not directly tested in the present models, but they help interpret why ICT
aspiration growth differs substantially across education systems.

This finding aligns with studies emphasizing that ICT-related career expectations are
shaped by both educational experiences and broader socio-economic contexts [4–11]. This
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addresses RQ1 by showing that ICT aspiration growth varies across education systems and
is associated with both learning-environment indicators and broader contextual conditions.

5.2. Digital Readiness as a Multidimensional Construct

The latent-profile results support the interpretation of digital readiness as a multidi-
mensional construct rather than a single observable condition. Education systems appear
to occupy different positions within a continuous structural space shaped by autonomy,
digital skills and teacher support. However, the weak negative correlation between the
Digital Readiness Index and ICT aspiration growth indicates that structural readiness
should not be interpreted as a direct predictor of students’ occupational expectations. In-
stead, digital readiness appears to describe enabling conditions that interact with national
contexts, institutional pathways and students’ perceptions of digital careers. This interpre-
tation is consistent with prior literature suggesting that readiness for digital transformation
depends on the combination of digital competence, institutional capacity and pedagogical
support [12,13,19,23]. This result relates to RQ3, as the latent profiles suggest that digital
readiness is better interpreted as a combination of competence, learner agency and support
rather than as a single observable indicator.

5.3. Institutional and Pedagogical Conditions of Digital Readiness

The learning-environment results suggest that autonomy, digital skills and teacher
support should be interpreted relationally rather than as isolated predictors. Systems
combining stronger autonomy and digital competencies may provide more favorable
conditions for digital learning, whereas weaker configurations point to possible structural
constraints. However, the substantial dispersion across countries indicates that autonomy
is not a universal driver of digital skills. Its relevance appears to depend on the institutional
and pedagogical conditions in which it operates. This result is consistent with studies
showing that digital skills are more meaningful when embedded in supportive learning
environments rather than treated as isolated technical competences [1–3,32].

The interaction results suggest that teacher support should be interpreted as a contex-
tual pedagogical condition rather than as a strong direct predictor. Although the estimated
interaction is not statistically significant, the observed pattern is consistent with the broader
interpretation that autonomy and digital skills operate within institutional support struc-
tures. Therefore, teacher support may help shape how digital exposure and perceived
competence are translated into occupational expectations, but this interpretation remains
exploratory. The complementary role of teacher support also aligns with research empha-
sizing that digital transformation in education depends not only on access to technology,
but also on pedagogical guidance and institutional support [12,32,36]. In relation to the
theoretical framework, the findings suggest that perceived competence, learner agency and
contextual support operate jointly rather than independently.

5.4. Exploratory Modeling and Methodological Scope

The limited separation observed in the LDA results reinforces the interpretation
that learning-environment indicators capture only part of the variation in ICT aspira-
tion dynamics. Rather than determining ICT aspiration growth, these indicators appear
to describe enabling conditions whose relevance depends on broader institutional and
national contexts.

The regression results indicate that the role of autonomy and teacher support should
be interpreted cautiously. Autonomy shows a weak positive association with standardized
digital-skills outcomes, but teacher support and the interaction term are not statistically
significant. Therefore, the evidence supports a limited and context-dependent interpretation
of pedagogical support rather than a strong direct effect.
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The model-based simulation suggests that autonomy alone is unlikely to account for
large differences in ICT aspiration growth. This reinforces the interpretation that digital
competencies, teacher support and broader contextual factors should be considered jointly.

This interpretation is consistent with previous research showing that digital readiness
depends not only on access to technology, but also on digital competence, institutional
support and pedagogical capacity [1,2,12,32].

5.5. Limitations

Several limitations should be considered when interpreting the findings of this study.
The analysis relies on country-level aggregated indicators derived from PISA data, which
limits the ability to capture within-country heterogeneity and does not allow causal infer-
ence at the individual level. The latent representation and clustering techniques employed
in the study were used as exploratory analytical tools and should not be interpreted as
predictive or causal models. The analysis is constrained by the relatively limited number of
education systems available for cross-national comparison, which may affect the stability
of some multivariate relationships. Although the study examines educational readiness
in the context of digital transformation, the PISA 2018–2022 data do not directly measure
artificial intelligence competencies or generative-AI-related educational practices. Conse-
quently, ICT-related career aspirations should be interpreted only as indirect indicators of
orientation toward digitally intensive occupational pathways [12–14,30].

In addition, several interpretations discussed in this manuscript concern broader
national, institutional and labor-market contexts that were not directly measured in the
empirical models. These interpretations should therefore be understood as theoretically
informed explanations rather than directly tested mechanisms.

Another limitation concerns the deliberately simple specification of the regression
models. The main predictors are restricted to autonomy, digital skills and teacher support,
because the study focuses on learning-environment indicators available in the harmonized
PISA framework. However, ICT-related career aspirations may also depend on broader
country-level factors that were not included in the models, such as GDP, labor-market
demand for ICT occupations, wage expectations, digitalization levels, internet access,
national AI and digital strategies and the size of the technology sector. Therefore, the
regression results should be interpreted as partial country-level associations rather than as
comprehensive explanatory models of ICT aspiration growth.

6. Conclusions
Our study investigated the relationship between learning environments and changes

in students’ ICT-related career aspirations in the context of ongoing digital transformation.
By combining harmonized PISA 2018–2022 data with multivariate and exploratory latent-
representation analyses, the study provides an integrated perspective on how learning
environments are associated with ICT-related career aspirations across education systems.

The empirical results indicate a clear but uneven expansion of ICT career aspirations
across countries. While most education systems experienced positive growth, the mag-
nitude and direction of change vary substantially, highlighting significant cross-national
heterogeneity. This suggests that exposure to digital transformation alone is insufficient to
generate uniform shifts in students’ occupational expectations.

Across the analytical approaches employed in the study, digital skills were consistently
associated with ICT aspiration growth, suggesting the relevance of perceived digital com-
petence for students’ orientation toward ICT-related careers. At the country level, stronger
digital skills are associated with greater growth in ICT career aspirations, although the
observed associations cannot be interpreted as individual-level causal effects.
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Teacher support appears to play a complementary contextual role, although the
interaction effects identified in the regression analyses remain statistically limited and
should be interpreted cautiously. Although its direct association with ICT aspiration growth
remains comparatively limited within the regression models, supportive pedagogical
environments may contribute to the development of ICT-related career interest under
specific contextual conditions.

By contrast, the role of autonomy appears more limited and strongly context-
dependent. While autonomy can foster exploratory learning and engagement, its effects
are contingent on the presence of adequate pedagogical support structures. In the absence
of such support, autonomy alone does not appear sufficient to drive ICT-oriented career
aspirations, challenging simplified assumptions regarding the universally positive effects
of autonomy across education systems.

The latent representation analysis supports interpreting digital readiness across edu-
cation systems as a continuous and multidimensional construct. Education systems do not
form discrete categories of “high” or “low” readiness but rather occupy positions along
a continuum shaped by different combinations of autonomy, digital skills and teacher
support. Some systems characterized by favorable configurations across these dimensions
show stronger ICT aspiration growth, although substantial variation persists within similar
structural profiles.

Importantly, the findings further suggest that educational factors alone do not fully
determine ICT career dynamics. Countries with comparable levels of structural readiness
often display different outcomes, indicating that broader contextual influences, such as
labor market conditions, national digital strategies and socio-cultural perceptions of ICT
professions, may also play an important role, reinforcing the interpretation of learning
environments as enabling conditions rather than deterministic drivers.

Consistent with the systemic perspective on AI adoption in education proposed by [14],
the present findings suggest that digital readiness cannot be reduced to individual digital
skills alone. Rather, educational readiness for educational readiness for digitally intensive
societies depends on the alignment between student competencies, institutional support,
pedagogical capacity and broader structural conditions shaping trust and engagement
with technology.

From a policy perspective, the results highlight that investments in digital infrastruc-
ture alone may be insufficient to produce sustained increases. The findings suggest that
educational strategies may benefit from prioritizing the development of digital competen-
cies, the strengthening of teacher support systems and the integration of digital learning
within coherent curricular frameworks. Therefore, the findings should be interpreted as
country-level associational evidence. They support a multidimensional understanding
of digital readiness, while highlighting the need for further research using additional
contextual indicators and longitudinal microdata.
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