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DIGITAL TRANSFORMATION SENTIMENT
AND CAREER PROSPECT CONFIDENCE: THE MEDIATING ROLE
OF PROACTIVE LEARNING
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Abstract — In the era of generative Al reshap-
ing human capital structures, this study integrates
conservation of resources theory and career con-
struction theory to unravel the impact mechanism
of digital transformation sentiment on students’
career prospect confidence. Utilizing structural
equation modeling on a survey sample of 368
business and management students from regional
universities in the Mekong Delta, Vietnam, col-
lected between January and March 2026, the
research focuses on testing the mediating role of
the proactive learning strategy. This specific ge-
ographic and disciplinary focus provides unique
insights into the adaptive behaviors of students
within an emerging regional digital hub. Empir-
ical results confirm that digital transformation
sentiment exerts a strong direct influence on
career prospect confidence and serves as a ‘psy-
chological antecedent’ that drives self-directed
learning behaviors. Notably, the study demon-
strates the existence of an indirect transmission
mechanism: a strategic awareness of technologi-
cal shifts activates a ‘resource spiral’ through a
proactive learning strategy, thereby strengthening
confidence in future career paths. These findings
offer a novel perspective on transforming percep-
tion into competitive advantage, while suggest-
ing strategic implications for higher education
institutions in designing training ecosystems that
place learner proactivity at the core.
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I. INTRODUCTION

Digital transformation is no longer a peripheral
concept but has evolved into a comprehensive
strategic restructuring, propelled by the powerful
convergence of artificial intelligence (Al), big
data, and cloud computing. This shift creates a
new survival environment where technology is
not merely a supportive tool but a core element
reshaping entire economic and social processes
[1]. In this context, higher education faces an
urgent imperative to equip learners with sys-
temic adaptive responses to maximize personal-
ized learning systems, thereby mitigating the risk
of competency obsolescence in a volatile digital
labor market [2].

Contemporary theoretical discourse acknowl-
edges a pivotal shift toward learner-centered ed-
ucational models, where maintaining and en-
hancing human capital value becomes a vital
strategy [3]. Rather than focusing solely on static
technical skills, recent studies emphasize the
ability to master smart tools to assert individ-
ual value against the dominance of automated
management algorithms [4]. Despite persisting
infrastructural barriers and technical pressures,
current trends move strongly toward applying
modern methodologies such as problem-based
learning and flipped classrooms to reactivate stu-
dents’ critical thinking and independent decision-
making capabilities [5].

Moving into the 2024-2026 period, the ex-
plosion of Generative Al has shifted the focus
from technological experimentation to core ped-
agogical application, transforming self-directed
competence into a ‘survival skill’ [6]. When
learners recognize the strategic utility of the
digital ecosystem, their self-efficacy is bolstered,
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driving them to proactively construct learning
pathways toward sustainable employment goals
[7]. The intersection of technical intelligence and
adaptive mindset enables learners not only to
utilize tools but also to ‘conquer’ their career
trajectories within an ecosystem characterized by
structural changes [8].

Within the scope of this study, digital transfor-
mation sentiment (DTS) is defined as a multi-
layered psychological construct reflecting stu-
dents’ belief systems and attitudes toward the
structural transformations of the labor market
under the impact of technology. DTS extends
beyond the recognition of disruptive technologies
(such as Al, big data, or cloud); it encompasses
the capacity for strategic evaluation of shifting
professional forms and the ability to forecast the
obsolescence of traditional skill values in the
digital age. Inheriting these arguments, this study
analyzes the interaction between DTS and proac-
tive learning strategy (PLS) in shaping students’
career prospect confidence (CPC). By positioning
learners as the subjects of a ‘resource spiral,
the research aims to clarify the transmission
mechanism: how the perception of the positive
value of technological breakthroughs serves as a
‘behavioral nudge’ prompting students to restruc-
ture their competencies. Consequently, this work
is expected to provide practical managerial impli-
cations for higher education institutions in build-
ing smart training ecosystems that help learners
maintain a competitive edge in the global digital
economy. The novelty of this study lies in shifting
the focus from basic technology acceptance to
decoding the psychological and behavioral trans-
formation of students. While existing literature
extensively documents the direct impact of digital
literacy on employment, the internal mechanism
converting technological sentiment into career
confidence remains underexplored [1, 9]. This
research distinguishes itself by empirically val-
idating the ‘digital competence execution loop,’
where PLS serves as an essential transmission
belt between DTS and CPC. By targeting busi-
ness and management students in the Mekong
Delta, a region representing an emerging digital
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labor market in a transition economy, the study
provides unique contextual insights into how in-
ternal resource spirals activate when institutional
support is still evolving. Centrally, the research
illuminates how students transform technological
awareness into proactive actions to build pro-
fessional resilience and competitive advantage.
These findings contribute directly to digital hu-
man capital theory, thereby providing a robust
foundation for higher education institutions to
restructure their training ecosystems toward a
learner-centric approach.

II. LITERATURE REVIEW
A. Theoretical framework

This study synthesizes three theoretical pillars
to explain the mechanism connecting techno-
logical perception, learning behavior, and career
development in the digital era.

Human capital theory and the shift toward
digital capital

Human capital theory, pioneered by Schultz
[10] and refined by Becker [11], asserts that
investments in education and training create skills
and knowledge with sustainable economic value
for individuals. Amidst robust digital transfor-
mation, this concept has shifted toward ‘digital
capital’. According to Pitzalis et al. [12], digital
capital extends beyond mere device ownership; it
is the capacity to leverage technology to create
value.

In the research model, this theory serves as a
foundation to explain the significance of DTS.
When students accurately recognize the value of
emerging technologies (such as Al, big data, and
cloud), they are essentially re-evaluating their
own human capital [1]. Accumulating digital
competence is no longer an auxiliary skill but
has become a strategic asset determining com-
petitiveness and CPC in a labor market driven
by algorithms and technology.

Conservation of resources theory and com-
petency compensation mechanism

Conservation of resources (COR) theory es-
tablishes the premise that individuals constantly
strive to maintain, protect, and build valuable
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resources to cope with environmental instability.
In the generative Al era, rapid changes in job
requirements pose a risk of eroding existing re-
sources, such as career stability and traditional
professional values [9, 13].

To react to these pressures, Li et al. [13] argued
that individuals tend to mobilize internal psy-
chological traits, typically proactivity, as strate-
gic defensive resources. By activating ‘resource
spirals’, students enhance their PLS to accu-
mulate new resources (digital skills, technology
certifications). This serves as a self-adjustment
mechanism that helps learners transform digi-
tal challenges into motivation for competency
restructuring, ensuring sustainable employability

and strengthening future career prospects.
Connectivism and construction

theory

career

The essence of proactivity in modern educa-
tion is shaped by Knowles’ [14] perspective on
self-directed learning. With the mass adoption
of the Internet, Siemens [15] developed Con-
nectivism, asserting that learning in the digital
age is a process of establishing and exploiting
flexible information nodes. This intersection is
materialized through career construction theory
[16], marking a shift from static career traits to
a process of behavioral self-regulation. Central
to this theory is ‘career adaptability’, a psycho-
logical resource encompassing concern, control,
curiosity, and confidence [16].

In this study, these theories explain how stu-
dents utilize a PLS as a tool to ‘construct’ and
create a clear career development pathway. This
process directly enhances their CPC, which refers
specifically to an individual’s psychological con-
viction in their capability to navigate and capi-
talize on evolving digital labor markets, thereby
distinguishing it from general career optimism or
decision self-efficacy. Consequently, this study
synthesizes these three pillars into a ‘resource-
capability-result’ logic. Within this framework,
human capital theory defines the digital asset
through DTS, which represents a student’s cogni-
tive and emotional perception toward technologi-
cal shifts rather than general digital literacy. Con-
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currently, COR theory explains the motivation
to activate a ‘resource spiral’ via self-directed
learning behaviors, namely PLS. Finally, career
construction theory transforms these proactive
behaviors into tangible confidence, or CPC. This
integration successfully bridges the research gap
by moving from static technology adoption to a
dynamic, learner-centric mechanism that decodes
how psychological readiness converts into a com-
petitive career advantage.

B. Literature review

Digital transformation sentiment

Within the scope of this study, DTS is defined
as a multi-layered psychological construct reflect-
ing students’ belief systems and attitudes toward
structural labor market shifts driven by technol-
ogy. DTS extends beyond the mere recognition
of disruptive technologies (such as Al, big data,
or cloud); it encompasses strategic evaluation
of shifting professional forms and the ability to
forecast the obsolescence of traditional skillsets
in the digital era. Researching digital perception
has evolved from pure technical understanding to
a comprehensive cognitive structure of strategic
value. Matt et al. [17] established the foundation
by asserting that this perception is linked to the
ability to exploit technology for value recreation
and resource alignment. By 2019, Vial [1] con-
ceptualized this process through the convergence
of the SMACIT technology suite — comprising
social, mobile, analytics, cloud, and Internet of
Things; this intersection creates inevitable ‘trans-
formation pressures’, forcing individuals to rede-
fine their competencies to adapt to digitalized
environments. During the 2020-2024 period, this
perception was extensively applied within higher
education. Al-Fraihat [18] demonstrated that pos-
itive technological perception is reinforced when
learners perceive optimization from support sys-
tems. Notably, Hutapea et al. [19] established the
concept of ‘digital psychology’, a cognitive state
that views technology as a performance optimiza-
tion tool rather than a barrier. This cognitive
synthesis has laid the groundwork for a shift
toward learner-centered educational models, en-
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couraging students to proactively acquire modern
knowledge [20].

Proactive learning strategy

The foundation of proactive learning is rooted
in social cognitive theory, where Bandura [21]
asserted that self-efficacy is the core driver of
self-regulated behaviors. Bateman et al. [22] ex-
panded this concept into ‘proactive personality’,
the tendency to seek opportunities and persevere
in creating change despite environmental barriers.

In the digital age, Siemens [15] repositioned
PLS through connectivism, viewing learners as
agents managing information nodes to co-create
knowledge. Savickas [16] considered this the
highest manifestation of career adaptability. Re-
cent studies indicate that PLS is no longer an
auxiliary skill but a ‘prerequisite’ for success
in e-learning spaces [13, 23]. In Vietnam, Bui
et al. [24] specified PLS through digital self-
study competence, regarding it as a launchpad
for students to transform online interactions into
substantive professional value.

Career prospects in the digital era

Modern career prospects are defined as stu-
dents’ positive beliefs and expectations regarding
their ability to achieve professional goals in a dig-
italized labor market. Savickas [16] asserted that
CPC is based on ‘adaptability’ — a psychological
resource helping individuals manage transitions
from school to the market.

De Vos et al. [25] redefined the nature of
CPC by establishing the concept of ‘sustainable
employability’ instead of mere job stability. For
the 2024-2026 period, digital creativity and col-
laboration have formally become decisive factors
in individual positioning [26]. The role of micro-
credentials is emphasized as a form of specialized
competency validation, helping students maintain
their human capital value despite technological
fluctuations [8, 27].

Overview of research trends in Vietnam

In Vietnam, the digital transformation process
in higher education has shifted from the stage of
infrastructural digitalization to the restructuring
of learning experiences and the shaping of strate-
gic mindsets for students. The pioneering study
by Duong et al. [28] established a critical theo-
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retical foundation for the interaction mechanism
between digital learning environments and the
transformation of students’ belief systems and en-
trepreneurial mindsets. Following this trajectory,
Nguyen et al. [29] applied an extended technol-
ogy acceptance model (TAM) to assert that the
quality of a digital ecosystem transcends mere
utility, directly impacting perceived value and
activating value co-creation behaviors between
students and educational institutions. Notably, in
the Education 5.0 era, Nguyen et al. [30] elevated
this discourse by positioning digital competence
as a key internal resource, serving as a ‘trigger
variable’ for intrinsic motivation that helps stu-
dents overcome technical barriers to proactively
engage in sustainable career development path-
ways.

In summary, this research inherits and adapts
standardized scales from established literature:
DTS is built upon the frameworks of Vial [1] and
Al-Fraihat [18]; PLS is derived from Bateman et
al. [22] and Bui et al. [24]; while CPC is based
on Savickas [16]. Regarding methodology, the
study adopts the two-stage partial least squares
structural equation modeling (PLS-SEM) analyti-
cal procedure, evaluating the measurement model
followed by the structural model, consistent with
the rigorous statistical standards and thresholds
proposed by Hair et al. [31] and Henseler et al.
[32].

Identification of research gaps

Although the fundamental theoretical system
for individual variables has been established, the
profound fluctuations of the 2025-2026 period
reveal three critical research gaps in existing
models. First, there is a lack of an integrated
structure regarding the competency transmission
mechanism; most current studies remain confined
to the TAM or pure academic outcomes [I,
18], leading to a disconnection in decoding the
transformation from strategic awareness (DTS)
into executive behavior (PLS) to create career
outcomes (CPC). Second, the mediating role of
PLS in the AI era remains ill-defined, as empir-
ical validation of this ‘bridge’ role has not been
thoroughly explored among economic students in
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dynamically transitioning regions. Third, there is
a significant imbalance between research on tech-
nological platforms and behavioral adaptation
practices. Specifically, the self-adjustment mech-
anism of learners in response to new professional
pressures and standards remains a missing piece,
leaving the picture of digital transformation in
Vietnamese higher education incomplete.

C. Research hypothesis development

Digital transformation sentiment and career
prospect confidence

Based on Vial’s [1] digital human capital per-
spective, DTS is not merely a technical attitude
but a profound understanding of value restruc-
turing within a new ecosystem. This recognition
serves as a ‘cognitive catalyst’ [18], fostering skill
readiness and directly bolstering long-term CPC
[9]. Particularly in Vietnam, a deep understanding
of the digital economy enables learners to clar-
ify career trajectories and mitigate automation-
related uncertainty. Consequently, the following
hypothesis is proposed:

H;: Digital transformation sentiment has a
positive impact on career prospect confidence.

Digital transformation sentiment and proac-
tive learning strategy

From an adult education perspective, Knowles
[14] established that self-directed behavior con-
stitutes the core of sustainable learning. Within
digital environments, this cognitive readiness ef-
fectively acts as a catalyst for executive behaviors.
This alignment is further supported by Duong
et al. [28], who emphasized that a positive
technological perception compels individuals to
proactively transform their mindset into specific
actions to mitigate the risk of obsolescence.
Consequently, when students clearly perceive the
strategic benefits of digital platforms, they vol-
untarily establish goals and exhibit persistence
in digital self-study [24]. Therefore, the study
proposes:

H,: Digital transformation sentiment has a
positive impact on proactive learning strategy.
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Proactive learning strategy and career
prospect confidence

According to career construction theory, proac-
tivity is the ultimate manifestation of adaptabil-
ity [16]. In modern digital education, PLS has
evolved from an auxiliary factor into a pre-
requisite for technological mastery [33]. Recent
evidence from 2024-2025 emphasizes that PLS
transforms learning behavior into a sustainable
competitive advantage [34], fostering digital hu-
man capital and superior employability skills
[26]. Ultimately, the synergy between executive
competence and intrinsic belief fosters robust
optimism regarding future career paths. Based
on these theoretical arguments, it is hypothesized
that:

Hj: Proactive learning strategy has a positive
impact on career prospect confidence.

The mediating role of the proactive learning
strategy

The mediating mechanism of PLS is rooted in
Connectivism [15] and career adaptation strate-
gies. De Vos et al. [25] asserted that proac-
tivity serves as an ‘execution loop’, helping to
preserve and enhance individual value amidst
market fluctuations. In the current context, PLS
facilitates the shift from psychological readiness
(DTS) to actual career outcomes by enhancing
learning performance [19]. Accumulating micro-
credentials through self-study is the primary
method through which PLS realizes career po-
tential from initial perceptions [27]. This process
restructures competence, fostering robust confi-
dence in career prospects. Accordingly, the final
hypothesis is formulated:

Hy4: Proactive learning strategy plays a me-
diating role in the relationship between digi-
tal transformation sentiment and career prospect
confidence.

In summary, by systematizing the theoretical
pillars of human capital, conservation of re-
sources, and career construction, this study es-
tablishes a comprehensive analytical framework
for the impact of technological perception on
students’ career prospects. The system of four
hypotheses (H; to Hy) focuses on decoding the
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role of DTS as a cognitive antecedent and PLS
as a core behavioral transmission mechanism to
build CPC. The structural relationships and path
directions among these variables are visualized
in the proposed research model in Figure 1.
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Fig. 1: Proposed research model

III. RESEARCH METHODOLOGY

A. Research design and measurement instru-
ments

This study employs a quantitative approach
with descriptive and inferential research designs.
The primary objective is to test hypotheses re-
garding the impact mechanisms among DTS,
PLS, and CPC. Primary data were collected via
a cross-sectional survey using self-administered
online questionnaires. Utilizing digital platforms
for data collection not only optimizes access to
the target population but also minimizes social
desirability bias caused by direct interviewer-
respondent interaction, thereby ensuring data ob-
jectivity and integrity.

The latent variables in the model are quantified
using a S-point Likert scale, ranging from 1
(Strongly disagree) to 5 (Strongly agree). These
scales were adapted and refined from prior stud-
ies [1, 16, 18, 22, 24] to fit the higher educa-
tion context, ensuring that learners’ psychological
states and behaviors are standardized into statis-
tical indicators for structural equation modeling
(SEM).

B. Sampling method and sample size determina-
tion

The study specifically targets Business and
Management students as they represent the co-
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hort most immediately impacted by the digital
restructuring of professional services and cor-
porate governance. Furthermore, the focus on
Vinh Long Province provides a representative
case study of emerging labor markets in the
Mekong Delta, where the gap between global
digital standards and local institutional support
necessitates higher individual proactivity. This
study employed a convenience sampling method,
specifically targeting Business and Management
students in the Mekong Delta region. To en-
sure data reliability, respondents were approached
through official faculty Zalo groups and student
emails. The survey was conducted immediately
following Digital Business or I'T-related sessions;
this specific context ensured that respondents had
a heightened awareness of technological shifts,
thereby enhancing the accuracy of their reflec-
tions on DTS and PLS constructs. To ensure
statistical power, the sample size was determined
by integrating two rigorous standards. First, based
on a finite population of N = 2,058 (according to
the 2024 Annual Reports of Tra Vinh University
and Cuu Long University), the Krejcie et al. [35]
formula required a minimum of 322 observations
(5% margin of error, 95% confidence level).
Second, following Hair et al. [31], a 5:1 ratio
for the 15 observed variables necessitated 75 to
150 units. Consequently, the final sample exceeds
both thresholds, ensuring representativeness for
inferential analysis.

The actual collection yielded 368 valid re-
sponses, significantly exceeding the aforemen-
tioned minimum thresholds. This sample size
not only satisfies the ‘ten-times rule’ for predic-
tor variables in the PLS-SEM model but also
provides sufficient degrees of freedom for the
path coefficients (beta) and coefficients of de-
termination (R?) to achieve high stability and
generalizability.

C. Study site and data representativeness

Empirical data were gathered from economics
students in Vinh Long Province, between Jan-
vary and March 2026, specifically focusing on
Tra Vinh University and Cuu Long University
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— the two largest providers of Business and
Management training in the region [36]. The total
population was verified through the 2024 Annual
Reports of these institutions, providing a baseline
to validate the representativeness of the actual
sample (Table 1). While the population frame
was derived from these 2024 annual reports to
establish the baseline for sample distribution, the
primary survey data were collected in early 2026
(Table 3) to ensure that the findings reflect con-
temporary digital perspectives. Although a minor
proportional shift between the actual sample and
the population exists (approximately 10% devia-
tion), the absolute sample size at each unit satis-
fies the necessary representativeness thresholds.
This distribution ensures that the model findings
remain robust and are not biased by the unique
characteristics of a single institution.

Table 1: Sample composition relative
to the total population

T Population Sample
Institution % %
sfitation ® | @ w | O
Tra Vinh University 1,486 72.2% 229 | 62.2%
Cuu Long University 572 27.8% 139 | 37.8%
Total 2,058 100% 368 | 100%

Although there is a slight shift in proportions
between the actual sample and the theoretical
population (approximately 10% deviation), the
absolute sample size at each unit reached the
necessary representativeness threshold. This dis-
tribution reflects the diversity of the training
environment, thereby enhancing the convergent
validity of the findings and ensuring the model
is not biased by the characteristics of a single
institution.

D. Proposed research model and operationaliza-
tion

Integrating human capital, conservation of re-
sources, and career construction theories, this
study proposes a structural model to examine
how digital perception shapes career prospects
through the mediating role of proactive learning.
The specific research hypotheses are synthesized
in Table 2.
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Table 2: Summary of research hypotheses

Hypotheses Relationship Core theoretical basis
H, DTS — CPC(+) | Human capital theory [1, 11]
H DTS —=PLS§ (1) Adult education theory [14]
H; PLS - CPC (1) Career adaptability theory [16]
DTS —» PLS — Digital  self-study competency
H CPC loop [24]

Note: (+) denotes a positive impact

Operationalization of constructs and mea-
surement scales

The constructs in the model were operational-
ized through scales adapted from reputable in-
ternational literature [1, 16, 18, 22] and refined
via a back-translation process to ensure contex-
tual compatibility with Vietnamese higher ed-
ucation. Specifically, DTS was measured using
five items (after screening) based on the frame-
works of Vial [1] and Al-Fraihat [18], reflecting
students’ strategic understanding of technological
value. Similarly, PLS comprised five items devel-
oped from [22] ‘proactive personality’ construct
and the digital self-study competence identified
by Bui et al. [24]. Finally, CPC was quanti-
fied through five items inherited from the self-
efficacy and career adaptability scales of [9]. All
observed variables utilized a 5-point Likert scale
to provide a consistent database for inferential
statistical analysis.

E. Data analysis method

First, descriptive statistics are employed to
summarize the sample characteristics (e.g., in-
stitution, gender, and major) using frequencies
and percentages. Concurrently, parameters such
as mean and standard deviation are calculated
for the observed variables. This step identifies
general evaluation trends among students and
examines data distribution prior to advanced test-
ing.

Subsequently, the study utilizes PLS-SEM via
SmartPLS software. This technique is particularly
advantageous for prediction-oriented models and
does not impose strict requirements on normal
data distribution [31]. The analytical process is
conducted in two stages: measurement model
evaluation tests the validity and reliability of
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the scales using outer loadings, Cronbach’s al-
pha, composite reliability (CR), average vari-
ance extracted (AVE), and discriminant validity
via Heterotrait-Monotrait (HTMT) and Fornell-
Larcker criteria; Structural model evaluation tests
the research hypotheses by examining path coef-
ficients (beta), t-values (using the Bootstrapping
technique), coefficients of determination (R?),
and effect sizes (f2). All statistical outputs, in-
cluding path coefficients and validity metrics,
were generated and processed using SmartPLS
3.0 software based on the collected primary
dataset.

IV. RESULTS AND DISCUSSION

A. Descriptive statistical characteristics of the
sample

Prior to testing the structural model, a de-
mographic analysis of the respondents was con-
ducted to verify the representativeness and cover-
age of the data. The demographic distribution of
the 368 valid participants, surveyed in early 2026
across institutions, majors, and academic years, is
summarized in Table 3.

Table 3: Summary of sample demographics

(n = 368)
o . . Percent | Cum.
Criteria Classification Frequency (%) %)
- Tra Vinh University 229 622 622
Institution om0 T ne University 35|  378] 1000
Accounting 114 31.0 31.0
Office
Administration n 193 203
Major E-commerce 66 179 68.2
Finance — Banking 61 16.6 84.8
Business
‘A dministration 56 152 100.0
Furst-year 143 38.9 38.9
Academic | Second-year 108 293 68.2
year Third-vear 72 19.6 87.8
Fourth-year 45 122| 100.0
Total 368 100.0

The research sample (n = 368) exhibits a
balanced and diverse structure, providing a robust
foundation for subsequent structural model test-
ing. Data were primarily sourced from Tra Vinh
University (62.2%) and Cuu Long University
(37.8%), ensuring objective variance in pedagog-
ical environments. Regarding disciplinary distri-
bution, the cohort is led by Accounting (31.0%),
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Office Administration (19.3%), and E-commerce
(17.9%), fields at the forefront of digital trans-
formation where technology-professional conver-
gence is most pronounced. Furthermore, a ‘reju-
venation’ trend is evident, with first- and second-
year students comprising over 68% of the sam-
ple. While seniors represent only 12.2% due to
internship commitments, the inclusion of all aca-
demic levels effectively captures the perceptual
shift along the educational trajectory, from initial
curiosity to employment-oriented perspectives.
Collectively, these demographic characteristics
(detailed in Table 3) ensure both the scale and
diversity required for reliable inferential analysis.

B. Measurement model evaluation

The measurement model was assessed for re-
liability and validity using outer loadings, Cron-
bach’s alpha, CR, and AVE. The statistical results
for the construct reliability and convergent valid-
ity of the three latent variables are summarized
in Table 4.

Table 4: Results for construct reliability and
convergent validity

Construct | Items | Loadings | Alpha | rho A| CR | AVE
CPC ggg; 0';_79?5; 0874 | 0.880 | 0.909 | 0.666
DTs g%é; 0‘3?1; 0.840 | 0.846 | 0.886 | 0.609
PLS ii:; 0’;?;;; 0.876 | 0.881 | 0.510 | 0.669

Note: DTS3 was excluded during screening

As shown in Table 4, all outer loadings exceed
the 0.70 threshold with absolute significance (t >
18.408, p < 0.001). Internal consistency is robust,
as Cronbach’s alpha and CR values significantly
surpass the 0.70 benchmark. Convergent validity
is confirmed by AVE values (0.609-0.669), ex-
ceeding the 0.50 requirement [37].

C. Discriminant validity

Discriminant validity was evaluated using the
Fornell-Larcker criterion and the HTMT ratio to
ensure each construct is unique. The comparative
results between inter-construct correlations and
HTMT ratios are presented in Table 5.
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Table 5: Discriminant validity results
(Fornell-Larcker vs. HTMT)

Construct CPC DTS PL5

CPC 0.816 0.858 0.639
DTS 0.744 0.780 0.387
PLS 0.562 0.511 0.818

Note: Bold values on the diagonal are the
square root of AVE; values below the diagonal
are correlations; italicized values above the
diagonal are HTMT ratios

The results confirm that the square root of
the AVE for each construct (bold) is higher than
its correlations with the others. Additionally, all
HTMT ratios are below the 0.90 threshold [38,
39], proving that the constructs (DTS, PLS, CPC)
are distinct and represent unique conceptual phe-
nomena [32].

D. Multicollinearity assessment

Before evaluating the structural relationships,
the study examined the variance inflation factor
(VIF) to detect potential multicollinearity issues
within the inner model. According to Hair et al.
[31], multicollinearity is considered problematic
when VIF values exceed 5.0.

The empirical results indicate that all inner
VIF values are well within the acceptable thresh-
old. Specifically, for the paths predicting CPC,
both DTS and PLS yielded a VIF of 1.354.
Furthermore, the path from DTS to PLS showed
an ideal VIF of 1.000. These low values con-
firm the absence of multicollinearity among the
latent constructs, ensuring that the subsequent
path coefficients (beta) accurately reflect the true
predictive power of each factor without being
inflated by collinearity bias.

E. Explanatory power and effect size assessment

The model’s predictive capability and the in-
dividual contribution of each exogenous con-
struct were evaluated using the coefficient of
determination (R2) and effect size (f2). Table 6
outlines the integrated outcomes computed for
these statistical indicators.

ECONOMICS - SOCIAL SCIENCES

Table 6: Integrated results of R? and f2

Construct| R | Adj.R? | Predictor | £ I'I’il“:ft
CPC | 0598| 0596| DTS |0.05 | Large
Small to
PLS [ 0110 | 7P
PLS | 0261| 0259| DIS | 0354 | Laree

Regarding explanatory power, the model ex-
plains 59.8% of the variance in CPC (R?> =
0.598), which, according to Chin [40], represents
a substantial predictive capacity for students’ ca-
reer prospects. For PLS, DTS explains 26.1% of
its variance (R? = 0.261), a moderate level given
that proactive learning is often influenced by
various external psychological and environmental
factors.

Analysis of effect sizes (f2) based on Cohen’s
[41] criteria reveals that DTS plays a decisive
role, exerting a ‘Large’ effect on both CPC
(0.705) and PLS (0.354). In contrast, the ef-
fect of PLS on CPC (0.110) is categorized as
‘Small to Medium’. These findings highlight that
while both factors are significant, improving DTS
serves as a more powerful catalyst for enhancing
students’ career confidence compared to focusing
solely on learning strategies.

F. Research hypothesis testing

The study employed the Bootstrapping tech-
nique with 5,000 resamples to test the statistical
significance of the path coefficients within the
structural model. A detailed synthesis of these
empirical metrics is provided in Table 7.

Table 7: Summary of hypothesis testing results

Path B M 5D t P
Direct effects
H;: DTS —
CPC
H;: DTS - PLS | 0.511 | 0.514 | 0.045 | 11.398 | 0.000 | Supported
H;: PLS — CPC | 0.245 | 0.248 | 0.050 | 4.922 | 0.000 | Supported
Indirect effects
H,: DTS - PLS
— CPC

Decision

0.619 | 0.617 | 0.058 | 10.736 | 0.000 | Supported

0.125 | 0.128 | 0.029 | 4.341 | 0.000 | Supported

Empirical results from the bootstrapping pro-
cedure with 5,000 subsamples indicate that all di-
rect relationships in the research model achieved
very high statistical significance (p < 0.001).
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Specifically, DTS exerts the most potent driving
force on CPC with a standardized path coeffi-
cient of 0.619 (t = 10.736), confirming its core
importance in explaining the variance of CPC. Si-
multaneously, the linkage between DTS and PLS
also reached a significant impact value (0.511, t
= 11.398), demonstrating a tight synergy between
these two constructs. Finally, the impact of PLS
on CPC, while lower in magnitude (0.245, t =
4.922), maintains robust scientific significance,
contributing to the overall impact mechanism
within the model.

A noteworthy highlight of these findings lies in
the analysis of indirect effects. The data reveal a
significant transmission mechanism from DTS to
CPC through the mediating variable PLS, with an
impact coefficient of 0.125 (p = 0.000, t = 4.341).
According to the evaluation criteria of Baron et
al. [42], as well as the updates by Preacher et al.
[43], since both the direct effect (DTS to CPC)
and the indirect effect are statistically significant,
this model establishes a partial mediation role
for PLS. This implies that DTS not only directly
influences CPC but is also amplified through the
presence of PLS, creating a multi-dimensional
and systematic impact ecosystem.

The consistency between the outer loadings
and t-statistics (ranging from 17.781 to 57.223)
further evidences the high convergence and reli-
ability of the component scales. The fact that all
p-values reached 0.000 allows for the rejection of
the null hypotheses (HO) and the acceptance of
all research hypotheses with a confidence level
exceeding 99.9%. Collectively, these indicators
confirm that the research model possesses high
practical value, accurately reflecting the behav-
ioral dynamics of the subjects within the study
context. This provides a solid foundation for
subsequent managerial recommendations.

For a visual representation of the impact in-
tensities and validation values between the latent
constructs in the model, the bootstrapping analy-
sis results from SmartPLS are illustrated in detail
in Figure 2.
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Fig. 2: Final structural model results

G. Discussion

The structural equation modeling results pro-
vide robust support for all proposed hypotheses,
revealing a multi-layered mechanism that trans-
forms perception into proactive behavior and,
ultimately, into career confidence.

As conceptualized in COR theory, the find-
ings confirm the existence of a ‘resource spiral’.
Specifically, the significant positive impact of
DTS on PLS (beta=0.511, t =11.398, p < 0.001)
suggests that digital perception acts as a critical
psychological antecedent. This resource does not
remain static but triggers a strategic investment
in a proactive learning strategy, which in turn
significantly strengthens CPC (beta = 0.245, t
= 4922, p < 0.001). Notably, the indirect effect
of DTS on CPC through the mediation of PLS
was also confirmed (beta = 0.125, t =4.341, p <
0.001). While prior studies in developed contexts
primarily emphasize formal institutional support
and structural digital transformation as the ‘main
conditions’ for development [1, 33], this research
highlights a nuanced shift. In the specific context
of emerging economies like Vietnam, the ‘spiral’
is driven more by the individual’s internal ability
to transform technological awareness into self-
directed developmental actions. This confirms
the proposition that proactivity is the highest
manifestation of adaptability [16], serving as a
vital bridge between digital sentiment and future
career success in the generative Al era.

The decisive antecedent role of digital trans-
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formation sentiment

Empirical evidence demonstrates that DTS op-
erates as the most robust direct predictor of
CPC (beta = 0.619, p < 0.001). This is en-
tirely consistent with human capital theory [11]
and the modern perspectives [1]. When students
possess a profound awareness of the strategic
value of technology, they essentially undergo a
process of ‘re-evaluating’ their own capabilities.
The high impact coefficient (0.619) reflects that
in the digital era, career confidence no longer
stems from static degrees but from the ability to
identify technological opportunities. This result
aligns with Zhu et al. [9], asserting that digital
perception acts as a psychological filter that helps
individuals neutralize uncertainty and establish
positive expectations for their professional future.

Simultaneously, DTS significantly drives PLS
(beta=0.511, p < 0.001). From the perspective of
adult education theory [14], the perceived utility
of technology serves as an ‘activator’ for self-
directed behaviors. When students understand
that SMACIT technologies are survival factors,
they proactively mobilize internal resources to
master knowledge rather than remaining passive
recipients.

Proactive learning strategy: from adaptive
behavior to competitive advantage

The relationship between PLS and CPC (beta
=0.245, p < 0.001) reinforces the tenets of career
construction theory [16]. This path coefficient
indicates that proactivity in learning functions as
an executive ‘psychological resource,” transform-
ing potential knowledge into actual competitive
advantage. Although the direct impact intensity
of PLS is lower than that of DTS, its robust
statistical significance (t = 4.922) confirms that
proactive behavior is the primary tool for students
to maintain sustainable employability, as noted
by De Vos et al. [25]. This finding is consistent
with recent evidence from the Vietnamese higher
education sector, where Nguyen et al. [30] ob-
served that internal digital motivation outweighs
external technical pressure in long-term career
orientation. Furthermore, the results extend the
arguments of Bui et al. [24], suggesting that in
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regional universities like those in the Mekong
Delta, digital self-study competence is not just a
technical skill but a critical psychological bridge
to professional confidence. This is particularly
relevant in the Vietnamese context, where digital
self-study competence is becoming a new bench-
mark for career readiness [24].

The mediating mechanism: the digital com-
petence execution loop

The most critical finding is the partial mediat-
ing role of PLS in the relationship between DTS
and CPC, showing a significant indirect effect
of 0.125 (p < 0.001). This result substantiates
the ‘resource caravan’ mechanism within COR
theory, where positive perception generates initial
psychological energy that requires the proactive
execution filter of PLS to reach sustainable ca-
reer confidence. Simply recognizing technologi-
cal importance is insufficient for long-term com-
petitive advantage. PLS amplifies the impact of
perception by fostering mastery of skills through
microcredentials and self-learning competencies
[27]. The confirmation of the mediating role of
PLS is theoretically significant as it validates
the ‘resource caravan’ concept in the generative
Al era. This finding implies that DTS does not
automatically lead to career confidence; rather,
it requires a behavioral catalyst. This study pro-
vides a significant contribution by identifying
that for business students, the ’active investment’
in learning is the bridge that prevents technolog-
ical awareness from turning into digital anxiety,
thus providing a more nuanced understanding of
career construction in the 4.0 labor market. This
indirect effect confirms the model’s capacity to
explain the student’s psychological journey from
shifting perceptions to behavioral changes and
ultimately achieving stable career confidence in
a digitalized era.

In a broader context, comparing these find-
ings with existing literature reveals a significant
alignment with the systematic review by Vial [1],
confirming that digital sentiment is a founda-
tional precursor to strategic agility. However, a
nuanced divergence emerges when compared to
global reviews that heavily emphasize external
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institutional support (e.g., Al-Fraihat [18]). While
international models often prioritize the ‘digital
ecosystem’ as the primary driver, the results
in the Vietnamese context, consistent with the
‘Education 5.0’ perspective of Nguyen et al. [30],
position digital competence and PLS as the more
decisive internal triggers. this suggests that for
students in transition economies, the ‘resource
spiral’ is not just a passive reaction to infras-
tructure but a proactive ‘digital psychology’ [19]
that converts technological pressure into career
confidence. This distinction reinforces the neces-
sity of moving toward learner-centered models
where individual behavioral agility precedes for-
mal structural transformation [24].

V.  MANAGERIAL IMPLICATIONS AND
CONCLUSION

A. Managerial implications

Based on the empirical findings and discus-
sions above, the study proposes several key man-
agerial implications to enhance students’ confi-
dence in career prospects in the digital transfor-
mation era.

For higher education institutions

‘Perception-first’ strategy

Given that DTS has the strongest impact (beta
= 0.619), educational administrators should pri-
oritize communication and mindset-oriented ac-
tivities on the digital economy from the first
year. Universities should go beyond providing
technical infrastructure; they must organize sem-
inars on career trends influenced by Al and big
data to help students clearly perceive the utility
and necessity of integrating technology into their
professional expertise.

Designing an environment that triggers proac-
tivity

Since the PLS plays a vital mediating role,
training programs should shift from ‘transmissive
teaching’ to ‘challenge-based learning’. Integrat-
ing micro-credentials into the formal curriculum
will encourage students to proactively engage in
self-directed study to accumulate specialized dig-
ital competencies, thereby fostering career confi-
dence.
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Personalizing development roadmaps

Developing Al-driven career coaching systems
can help students identify their individual skill
gaps compared to market demands. This per-
sonalized insight acts as a catalyst, activating
proactive learning behaviors to bridge resource
deficiencies.

For economics and business students

Proactive human capital restructuring

Students must recognize that technology is not
a barrier but a tool for optimizing professional
performance. Maintaining a proactive mindset in
seeking digital learning resources and building
online professional networks is key to ensuring
sustainable employability.

Leveraging the execution loop

Students should embrace the principle of ‘life-
long learning’ through directed self-study. Ca-
reer prospect confidence is only attainable when
learners translate positive perceptions into con-
crete actions, such as mastering data analytics
tools or smart management platforms within the
business industry.

For businesses and recruitment partners

Through a strategy of co-creating value, enter-
prises should actively collaborate with universi-
ties to establish digital labs or virtual internship
programs. Early exposure to the reality of digi-
tal transformation within corporate environments
will reinforce students’ awareness and drive ca-
reer adaptability behaviors while they are still in
school.

B. Conclusion

This study was conducted to decode the im-
pact mechanism of technological perception on
students’ career prospects amidst comprehensive
digital transformation. Empirical results using the
PLS-SEM model confirm the decisive antecedent
role of DTS in driving both PLS and CPC. No-
tably, the study elucidates the partial mediation
role of PLS, asserting that positive technological
awareness can only be fully transformed into
sustainable career value when executed through
proactive, self-directed learning behaviors. These
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findings contribute a novel perspective to hu-
man capital theory and career construction the-
ory, emphasizing that in the Al era, behavioral
adaptability serves as the vital ‘bridge’ enabling
individuals to master digital knowledge capital.

C. Limitations and future research directions

Despite achieving its objectives, this study
possesses certain limitations that suggest avenues
for further exploration. First, as the sample was
restricted to Business students at specific insti-
tutions, future research should expand the scope
to diverse disciplines and geographical regions
to enhance generalizability. Second, while this
model focused on positive perceptions, integrat-
ing inhibitory factors such as digital anxiety or
perceived technological sentiment threat would
provide a more multi-dimensional view of learn-
ers’ psychology. Finally, the reliance on cross-
sectional data limits the assessment of behavioral
changes over time; therefore, longitudinal studies
or educational experiments are recommended to
provide more robust evidence of shifts in career
adaptability following intensive digital training.

ACKNOWLEDGMENTS

This research was fully funded by Tra Vinh
University (TVU) under grant contract number
06/2026/HD.HDKH&DT - DHTV.

REFERENCES

[1] Vial G. Understanding digital transformation: A
review and a research agenda. The Journal of
Strategic Information Systems. 2019;28(2): 118-144.

https://doi.org/10.1016/j.jsis.2019.01.003.

Palumbo R.
desensitizing?

[2] Does digitizing involve
Strategic ~ insights  into  the
side effects of workplace digitization. Public
Management  Review.  2021;24(7):  975-1000.

https://doi.org/10.1080/14719037.2021.1877796.

Schatheitle S, Weibel A, Ebert I, Kasper G, Schank
C, Leicht-Deobald U. No stone left unturned? To-
ward a framework for the impact of datafica-
tion technologies on organizational control. Academy
of Management Discoveries. 2020;6(3): 455-487.
https://doi.org/10.5465/amd.2019.0002.

(3]

13

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

ECONOMICS - SOCIAL SCIENCES

Wiblen S, Marler JH. Digitalised talent
management and automated talent decisions:
The implications for HR professionals. The
International ~ Journal  of Human  Resource
Management. 2021;32(12): 2592-2621.

https://doi.org/10.1080/09585192.2021.1886149.

Martinez-Gémez M, Bustamante E, Berna-
Escriche C. Development and validation of
an e-learning education model in the COVID-
19 pandemic: A case study in secondary
education.  Sustainability. 2022;14(20): 13261.
https://doi.org/10.3390/su142013261.

Crompton H, Burke D. Artificial intelligence in
higher education: The state of the field. International
Journal of Educational Technology in Higher Educa-
tion. 2023;20(1): 22. https://doi.org/10.1186/s41239-
023-00392-8.

McCarthy AM, Maor D, McConney A, Cavanaugh
C. Digital transformation in education: Critical
components for leaders of system change. Social
Sciences & Humanities Open. 2023;8(1): 100479.
https://doi.org/10.1016/j.ssah0.2023.100479.

Shah MAN, Mola L. Digital
and knowledge in sustainable employability:
A systematic literature review. Journal of
Innovation &  Knowledge. 2026;11:  100855.
https://doi.org/10.1016/j.jik.2025.100855.

Zhu HR, Li XH, Zhang H, Lin XJ, Qu Y, Yang
L, et al. The association between proactive per-
sonality and interprofessional learning readiness in
nursing students: The chain mediation effects of
perceived social support and professional iden-
tity. Nurse Education Today. 2024;140: 106266.
https://doi.org/10.1016/j.nedt.2024.106266.

Schultz TW. Investment in human capital: Reply. The
American Economic Review. 1961;51(5): 1035-1039.

Becker GS. Human capital: A theoretical and em-
pirical analysis, with special reference to education.
Chicago, United States: University of Chicago Press;
1964.

Pitzalis M, Porcu M. Digital capital and cultural
capital in education: Unravelling intersections and
distinctions that shape social differentiation. British
Educational Research Journal. 2024;50(6): 2753—
2776. https://doi.org/10.1002/berj.4050.

Li H, Xu Z, Song S, Jin H. How and when
does proactive personality predict career adapt-
ability? A study of the moderated mediation
model. Frontiers in Psychology. 2024;15: 1333829.
https://doi.org/10.3389/fpsyg.2024.1333829.

Knowles MS. Self-directed learning: A guide for
learners and teachers. New York, United States:
Associated Press; 1975.

Siemens G. Connectivism: A learning theory for
the digital age. International Journal of Instructional
Technology and Distance Learning. 2005;2(1): 3-10.

transformation



Le Bao Toan, Duong Tuan Vu

[16]

[17]

(18]

(19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

Savickas ML, Porfeli EJ. Career Adapt-Abilities
Scale: Construction, reliability, and measurement

equivalence across 13 countries. Journal of
Vocational ~ Behavior. 2012;80(3): 661-673.
https://doi.org/10.1016/j.jvb.2012.01.011.

Matt C, Hess T, Benlian A. Digital

transformation strategies. Business & Information
Systems  Engineering.  2015;57(5):  339-343.
https://doi.org/10.1007/s12599-015-0401-5.

Al-Fraihat D, Joy M, Masa’deh R, Sinclair J. Evalu-
ating e-learning systems success: An empirical study.
Computers in Human Behavior. 2020;102: 67-86.
https://doi.org/10.1016/j.chb.2019.08.004.

Hutapea NS, Manullang ZPJ, Hartati R. Enhanc-
ing student engagement and academic performance
through digital literacy: A transformative approach
in Canva application. Phonology: Journal of English
Language and Literature Scientists [ Fonologi: Jurnal
llmuan Bahasa dan Sastra Inggris]. 2024;2(4): 154—
170. https://doi.org/10.61132/fonologi.v2i4.1227.

Joseph OB, Onwuzulike OC, Shitu K. Digital
transformation in education: Strategies for effec-
tive implementation. World Journal of Advanced
Research and Reviews. 2024;23(02): 2785-2799.
https://doi.org/10.30574/wjarr.2024.23.2.2668.

Bandura A. Human agency in social cognitive the-
ory. American Psychologist. 1989;44(9): 1175-1184.
https://doi.org/10.1037/0003-066X.44.9.1175.

Bateman TS, Crant JM. The proactive component of
organizational behavior: A measure and correlates.
Journal of Organizational Behavior. 1993;14(2):
103-118. https://doi.org/10.1002/job.4030140202.

Yang G. Knowledge element relationship
and value co-creation in the innovation
ecosystem.  Sustainability.  2024;16(10):  4273.

https://doi.org/10.3390/su16104273.

De Vos A, Van der Heijden BI, Akkermans J.
Sustainable careers: Towards a conceptual model.
Journal of Vocational Behavior. 2020;117: 103196.
https://doi.org/10.1016/j.jvb.2018.06.011.

Bui VH, Phung TTP. Assessing students’ self-
learning competence in the digital learning environ-
ment at Ho Chi Minh City University of Technology
and Education [Panh gia nang luc tu hoc cda sinh
vién trong moi trudng hoc tip s6 tai trudng Dai
hoc Su pham Ky thuit Thanh phé H6 Chi Minh].
Journal of Technical Education Science [Tap chi
Khoa hoc Gido duc Ky thudt]. 2025;20(3): 115-125.
https://doi.org/10.54644/jte.2025.1731.

Kholifah N, Nurtanto M, Sutrisno VLP, Majid
NWA, Subakti H, Daryono RW, et al. Unlocking
workforce readiness through digital employability
skills in vocational education graduates: A PLS-
SEM analysis based on human capital theory. So-
cial Sciences & Humanities Open. 2025;11: 101625.
https://doi.org/10.1016/j.ssah0.2025.101625.

14

(27]

(28]

[29]

[30]

(31]

(32]

(33]

(34]

[35]

[36]

(37]

[38]

ECONOMICS - SOCIAL SCIENCES

Gamage KAA, Dehideniya SCP. Unlocking
career potential: How  micro-credentials are
revolutionising higher education and lifelong
learning. Education Sciences. 2025;15(5): 525.
https://doi.org/10.3390/educscil5050525.

Duong TT, Ha TQ, Pham TTL. Digital transfor-
mation in higher education: An integrative review
approach. TNU Journal of Science and Technology.
2021;226(08): 350-357. https://doi.org/10.34238/tnu-
jst.4366.

Nguyen N, Hoang CTT, Vo VB. Value
co-creation and  e-learning  acceptance  in
Vietnamese universities. Journal for Global
Business  Advancement.  2023;16(2): 201-224.
https://doi.org/10.1504/JGBA.2023.138500.

Nguyen DV, Phan TT. Digital competence and life-
long learning skills in the digital era: a case study at
Quang Binh University [Ning Iuc s6 va kj ning hoc
tap subt doi trong ky nguyén sb: nghién citu tiép cén
tlf thuc tién gido duc tai Trudng Dai hoc Quéang Binh].
Journal of Science Hanoi Open University [Tap chi
Khoa hoc Truong Pai hoc Mé Ha Noi]. 2025;7A:
740-749. https://doi.org/10.59266/houjs.2025.830.

Hair JF, Risher JJ, Sarstedt M, Ringle CM. When
to use and how to report the results of PLS-
SEM. European Business Review. 2019;31(1): 2-24.
https://doi.org/10.1108/EBR-11-2018-0203.

Henseler J, Ringle CM, Sarstedt M. A new crite-
rion for assessing discriminant validity in variance-
based structural equation modeling. Journal of the
Academy of Marketing Science. 2015;43(1): 115-135.
https://doi.org/10.1007/s11747-014-0403-8.

Carmo JES, Lacerda DP, Klingenberg CO, Piran FAS.
Digital transformation in the management of higher
education institutions. Sustainable Futures. 2025;9:
100692. https://doi.org/10.1016/j.sftr.2025.100692.

Sych TV, Khrykov YM, Ptakhina OM. Digital
transformation as the main condition for the de-
velopment of modern higher education. Educa-
tional Technology Quarterly. 2021;2021(2): 293-309.
https://doi.org/10.55056/etq.27.

Krejcie RV, Morgan DW. Determining sample
size for research activities. Educational and
Psychological Measurement. 1970;30(3): 607-610.
https://doi.org/10.1177/001316447003000308.

Vinh Long Portal. List of universities and colleges
in the province [Danh sdch thong tin truong trung
cdp - cao ddng - dai hoc trén dia ban tinh Vinh
Long]. https://vinhlong.gov.vn/danh-sach-truong-hoc
[Accessed 3 March 2026].

Fornell C, Larcker DF. Evaluating structural equation
models with unobservable variables and measurement
error. Journal of Marketing Research. 1981;18(1):
39-50. https://doi.org/10.2307/3151312.

Clark LA, Watson D. Constructing validity:
Basic issues in objective scale development.



Le Bao Toan, Duong Tuan Vu

Psychological ~Assessment. 1995;7(3):
https://doi.org/10.1037/1040-3590.7.3.309.

Kline RB. Principles and practice of structural equa-
tion modeling. 3" ed. New York, United States:
Guilford Press; 2011.

Chin WW. The partial least squares approach to struc-
tural equation modeling. In: Marcoulides GA (ed.).
Modern methods for business research. Mahwah, New
Jersey, United States: Lawrence Erlbaum Associates
Publishers; 1998. p.295-336.

Cohen J. Statistical power analysis for the behavioral
sciences. 2™ ed. Hillsdale, Michigan, United States:
Lawrence Erlbaum Associates Publishers; 1988.

309-319.

[39]

[40]

[41]

[42] Baron RM, Kenny DA. The moderator—mediator
variable  distinction in social psychological
research: Conceptual, strategic, and statistical
considerations.  Journal of  Personality  and
Social ~ Psychology. 1986:;51(6): 1173-1182.

https://doi.org/10.1037/0022-3514.51.6.1173.

15

[43]

ECONOMICS - SOCIAL SCIENCES

Preacher KJ, Hayes AF. Asymptotic and resam-
pling strategies for assessing and comparing in-
direct effects in multiple mediator models. Be-
havior Research Methods. 2008;40(3): 879-891.
https://doi.org/10.3758/BRM.40.3.879.



