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Abstract

Digital transformation may offer employees useful work resources while introducing ad-
ditional demands. Drawing on conservation of resources theory, this study examines
individual-level associations between perceived digital transformation and employee per-
formance, with employee engagement and psychological well-being as parallel statistical
mediators and perceived technological innovation as a moderator. Cross-sectional survey
data were obtained from 500 employees in 58 state-owned enterprises in Guangxi, China.
Regression analyses with HC3 robust standard errors and bootstrap confidence intervals
indicated a positive bivariate association between perceived digital transformation and em-
ployee performance. Positive conditional indirect associations were observed through both
employee engagement and psychological well-being. Perceived technological innovation
positively moderated the conditional direct association and both first-stage associations,
although the incremental interaction magnitudes were small. Johnson–Neyman analysis
suggested a negative conditional direct association in the very low moderator region, con-
taining 51 respondents (10.2%), and a positive association in the upper region, containing
321 respondents (64.2%). These sample-specific findings warrant cautious interpretation,
particularly in the sparsely represented lower region. The findings are consistent with a
COR-informed account of perceived digital resources, engagement, and well-being, but
do not establish causal mediation, temporal resource-conversion processes, or differences
in organizational capabilities. They inform discussions of human sustainability in digital
work by considering employee well-being alongside performance. Managerial implications
emphasize assessing employees’ experiences of digital initiatives and innovation. Single-
source measurement, nonprobability sampling, and unmodelled organizational clustering
limit inference.

Keywords: digital transformation; employee engagement; psychological well-being;
technological innovation; state-owned enterprises; conservation of resources theory;
moderated mediation

1. Introduction
Digital transformation has moved beyond the adoption of isolated information tech-

nologies to become an organization-wide process that reconfigures strategy, work practices,
structures, and value creation. It combines digital technologies with organizational change,
requiring firms to redesign how information is used, decisions are made, and employees
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coordinate their work [1–3]. This process can provide employees with faster access to
information, integrated platforms, clearer workflows, and new opportunities to learn and
innovate. Yet the value of digital transformation is not realized by technology alone. Its op-
erational benefits depend on how employees interpret new systems, mobilize the resources
they provide, and incorporate them into everyday work. Reviews of digital transformation
research therefore increasingly call for greater attention to the human and organizational
processes through which digital initiatives are converted into performance outcomes [4,5].

At the employee level, the relationship between digital transformation and perfor-
mance is theoretically ambiguous. Digital platforms can reduce routine effort, improve deci-
sion quality, facilitate collaboration, and support adaptive responses to changing demands.
These resource-enhancing features should help employees perform their assigned tasks,
contribute beyond formal role requirements, and remain effective under uncertainty. At the
same time, transformation can introduce new learning demands, role ambiguity, connectiv-
ity overload, electronic monitoring, and pressure to adapt continuously. Such demands can
consume attention and emotional energy, thereby weakening rather than strengthening
performance when implementation support is inadequate [5–9]. More broadly, returns
from digital investment may be delayed until complementary organizational changes
and capabilities are developed, creating a productivity gap between technology adoption
and realized value [10,11]. Digital transformation should therefore be treated as a poten-
tially valuable organizational resource whose employee-level consequences depend on the
mechanisms and conditions through which it is implemented.

Conservation of resources (COR) theory provides a useful foundation for explaining
these divergent consequences. COR theory suggests that individuals strive to acquire,
protect, and build valued resources, and that resource gains become especially conse-
quential when they enable further gains, whereas resource loss can initiate damaging loss
cycles [12,13]. Applied to digital transformation, a clear digital direction, well-integrated
platforms, effective training, and redesigned workflows can expand employees’ informa-
tional, cognitive, and social resources. Employees may invest these resources in their roles,
but they may also experience them as insufficient or costly when transformation increases
demands without providing commensurate support. This resource-based reasoning directs
attention to two distinct employee pathways: employee engagement and psychological
well-being [14–16].

Employee engagement represents the cognitive, emotional, and behavioral investment
of the self in work roles [17–19]. Digital transformation may strengthen engagement when
employees understand the purpose of digital initiatives, see how their roles contribute to
organizational goals, receive adequate training, and can use integrated tools to solve prob-
lems [16,20]. Engagement, in turn, channels available resources into focused effort, persis-
tence, initiative, and adaptability, all of which are relevant to employee performance [21,22].
Recent evidence in digitally transforming logistics firms similarly links employees’ engage-
ment in transformation initiatives with job performance [23]. Psychological well-being
captures a related but non-equivalent process. It reflects positive affect, effective function-
ing, perceived control and meaning, and supportive social relationships [24]. Digital work
arrangements that improve autonomy, access to resources, and coordination may protect
well-being; poorly integrated systems and relentless adaptation demands may deplete
it [14,15,25]. Employees who maintain psychological resources are better positioned to
regulate stress, sustain concentration, and respond constructively to unexpected problems.
Examining engagement and well-being in parallel is therefore important: engagement
reflects the investment of resources in work, whereas well-being reflects the condition and
sustainability of the employee’s psychological resource base. Treating either mechanism
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alone risks reducing the human side of digital transformation to a single motivational or
affective response.

A second unresolved issue concerns the organizational conditions under which digital
transformation becomes useful to employees. Adopting digital systems is not equivalent
to developing the capability to innovate with them. Digital transformation may provide
connectivity, data, and process visibility, but technological innovation determines whether
these inputs are translated into incremental improvements, new solutions, experimenta-
tion, and redesigned business models. Research on digital innovation emphasizes that
digital technologies create value through complementary innovation processes rather than
through installation alone [26]. Evidence from Chinese firms also identifies technological
innovation as an important mechanism connecting digital transformation with employment
outcomes [27]. Building on this complementarity logic, the present study conceptualizes
technological innovation as a boundary condition. Where technological innovation is
strong, employees can use digital resources within an environment that supports experi-
mentation, continuous improvement, learning feedback, and novel applications [5]. Digital
transformation should then be more strongly associated with engagement, well-being,
and performance. Where technological innovation is weak, new systems may remain
disconnected from work redesign and problem solving, increasing implementation burden
without generating comparable resource gains [10]. This argument implies that technologi-
cal innovation can shape both the direct digital transformation–performance relationship
and the indirect relationships transmitted through engagement and well-being.

These questions are particularly salient in Chinese state-owned enterprises (SOEs).
SOEs often pursue digital transformation while balancing policy mandates, commercial
goals, legacy processes, employment responsibilities, and hierarchical governance; their
transformation paths are shaped by institutional pressures, organizational inertia, and
the attraction of emerging technologies [28]. This combination can produce substantial
variation in whether digital initiatives are integrated with local innovation and employee
work systems. The context is analytically useful because it makes the distinction between
technology adoption and innovation-enabled implementation especially visible. Guangxi
provides a further setting in which SOEs operate across traditional and emerging industries
while confronting uneven digital and innovation capabilities. Rather than treating this
regional setting as a claim to uniqueness, the study uses it to examine a broader theoretical
problem: when does perceived organizational digital transformation supply employees
with usable resources, and through which employee states are those resources associated
with performance?

From a human-sustainability perspective, digital transformation should be evalu-
ated through employee functioning and well-being alongside performance. COR theory
highlights the importance of protecting psychological resources while employees invest
effort in changing work demands. Engagement and well-being therefore represent distinct
considerations: greater investment in work does not by itself demonstrate that employees
can maintain healthy functioning over time. The present study examines associations
relevant to this tension, without directly measuring long-term sustainability.

Accordingly, this study asks: At the individual employee level, how is perceived
digital transformation associated with employee performance, directly and indirectly
through employee engagement and psychological well-being, and how do these associa-
tions vary with perceived technological innovation? Using cross-sectional survey data from
500 employees in state-owned enterprises in Guangxi, China, the study tests a moderated
parallel-mediation model. Employee engagement and psychological well-being are speci-
fied as parallel statistical mediators, while perceived technological innovation moderates
the conditional direct association and the first-stage associations with both mediators. Both
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perceived digital transformation and perceived technological innovation represent indi-
vidual employees’ assessments of practices and activities in their employing enterprises.
Employee performance is self-reported and encompasses task, contextual, and adaptive
behaviors. The model therefore estimates individual-level conditional associations rather
than causal processes or relationships between organizational capabilities [29].

The study makes four contributions. First, it extends COR-informed explanations
of digital transformation by examining individual-level associations between perceived
digital transformation and employee performance. Second, it jointly examines employee
engagement and psychological well-being as distinct statistical indirect associations, in-
forming human-sustainability discussions without treating engagement and well-being
as interchangeable. Third, it identifies perceived technological innovation as a boundary
condition for these associations. Fourth, it provides contextual evidence from employees in
Chinese SOEs, without establishing differences between enterprises or ownership types.
These contributions concern conditional associations consistent with resource-based reason-
ing; the single-wave, single-source design does not establish temporal resource conversion
or causal mediation.

2. Literature Review and Hypotheses Development
2.1. Conservation of Resources Theory and Digital Transformation

Conservation of resources (COR) theory explains work behavior in terms of individ-
uals’ efforts to obtain, protect, and develop resources that they value [12,30]. Resources
include objects, conditions, personal capacities, and energies that help individuals achieve
goals or protect them from further resource loss. Two propositions are especially relevant
to digital transformation. First, resource loss is disproportionately salient: when new
demands consume time, attention, competence, or emotional energy, employees become
increasingly vulnerable to strain. Second, COR theory proposes that resource gains may
accumulate over time. However, testing gain cycles requires repeated observations and
explicit temporal specifications, as emphasized by Sonnentag and Meier [13]. The present
single-wave study examines resource-related associations and does not test gain spirals.
COR theory therefore does not imply that organizational change is inherently beneficial or
harmful. Its effects depend on whether employees experience the change as a net source of
usable resources or as a demand that exceeds the resources available to meet it.

Digital transformation can alter this resource balance because it changes both the
technological infrastructure of work and the organizational arrangements through which
employees act. In this study, perceived digital transformation refers to employees’ as-
sessment that their enterprise has established a coherent digital direction, embedded
digital technologies in operational processes, and used them to generate organizational
value. A coherent transformation may provide informational resources through timely and
integrated data, instrumental resources through automation and interoperable systems,
developmental resources through training and learning, and social resources through im-
proved coordination. These resources can reduce avoidable effort and enable employees
to redirect attention toward problem solving, service, and adaptation [1,5]. Conversely,
fragmented implementation can create technostress, learning burdens, role uncertainty, and
monitoring pressure [6]. The present model focuses on the resource-gain pathway while
recognizing this competing possibility: when employees perceive digital transformation as
strategically coherent and operationally useful, they should have more resources available
for performance.

Employee performance is conceptualized broadly as task, contextual, and adaptive
performance. Task performance concerns the effective completion of core duties; contex-
tual performance concerns discretionary behaviors that support the social and organiza-
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tional environment; and adaptive performance concerns effective responses to novelty
and change [31]. Digital transformation may support all three forms. Integrated infor-
mation and streamlined routines can improve task execution; collaborative platforms can
facilitate helping and coordination; and access to data and digital tools can strengthen
employees’ capacity to respond to changing demands. Because these benefits are ultimately
realized through employee action, the relevant prediction concerns employees’ perceptions
of transformation rather than the mere presence of a technology [32]. Related sustainability
research examines indirect relationships involving ESG disclosure at the firm level [33] and
green trust and satisfaction at the employee level [34]. These studies provide contextual per-
spectives on sustainability-related indirect relationships, whereas the present hypotheses
concern statistical associations among employee perceptions and outcomes. Thus:

H1. Perceived digital transformation is positively associated with employee performance.

2.2. Employee Engagement as a Motivational Mechanism

Employee engagement describes the cognitive, emotional, and behavioral investment
of the self in a work role [17,18,35]. Engaged employees concentrate on their tasks, ex-
perience a stronger emotional connection to their work, and apply sustained energy in
role performance. From a COR perspective, engagement is a form of resource investment.
Employees are more willing and able to invest attention, persistence, and initiative when
their work environment provides resources that make successful action likely [21]. Digital
transformation can supply such resources by clarifying the organization’s direction, in-
creasing access to relevant information, making workflows more transparent, and enabling
employees to solve problems with greater speed and discretion.

Digital transformation may also make work more meaningful when employees un-
derstand how new tools contribute to service quality, organizational modernization, or
public and commercial goals. Training and participation in transformation can strengthen
competence and psychological availability, while digital collaboration can reinforce connec-
tion with colleagues. Together, these conditions address the meaningfulness, safety, and
availability conditions that support personal engagement [17]. Empirical research likewise
suggests that job resources are positively related to engagement and that engagement is
a proximal predictor of performance [18,36–38]. In a transformation setting, employees
who perceive digital initiatives as usable organizational resources should therefore show
stronger cognitive focus, emotional involvement, and behavioral participation.

H2. Perceived digital transformation is positively associated with employee engagement.

Engagement should, in turn, be positively associated with employee performance.
Cognitive engagement helps employees maintain attention and understand complex work;
emotional engagement supports enthusiasm and persistence; and behavioral engagement
encourages effort, initiative, and cooperation. These investments are relevant not only to
prescribed tasks but also to contextual contributions and adaptive responses. Meta-analytic
evidence supports a positive relationship between work engagement and performance,
while COR theory explains why the relationship can persist: successful resource investment
produces accomplishment, feedback, efficacy, and social support, which may generate
further resource gains [12,36,39]. Thus:

H3. Employee engagement is positively associated with employee performance.

Together, these arguments predict a positive statistical indirect association between per-
ceived digital transformation and employee performance through employee engagement.
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This prediction concerns the product of regression associations rather than an observed
resource-conversion process. Cross-sectional indirect estimates can be biased representa-
tions of longitudinal mediation, as demonstrated by Maxwell and Cole [40]. Accordingly:

H4. Perceived digital transformation is positively associated with employee performance indirectly
through employee engagement, as represented by a positive statistical indirect association in the
specified regression model.

2.3. Psychological Well-Being as a Resource-Sustaining Mechanism

Psychological well-being is conceptually distinct from engagement. Whereas engage-
ment concerns investment in a work role, well-being concerns the positive condition and
functioning of the employee’s psychological resource base. The present study treats psycho-
logical well-being as a multidimensional state encompassing positive emotional experience,
effective psychological functioning, and constructive social functioning. This approach is
consistent with views of flourishing that extend beyond the absence of distress to include
meaning, mastery, positive relationships, and social integration [24,41,42].

Digital transformation can support psychological well-being when it removes repet-
itive burdens, improves access to information, increases perceived control, and enables
more effective coordination [5,14]. Clear digital strategy and well-designed operational
systems can reduce uncertainty and help employees experience competence and progress.
Digital tools may also expand access to colleagues and organizational support. In COR
terms, these conditions protect existing resources and enable resource gains. However, the
prediction is conditional on employees perceiving transformation as coherent and useful;
digital overload, interruptions, surveillance, and continuous reskilling can instead threaten
well-being [6,8,14,25]. Because the construct captures perceived transformation across
strategic direction, operational support, and value generation, higher perceptions should
on balance indicate a more resource-supportive environment.

H5. Perceived digital transformation is positively associated with employees’ psychological well-being.

Psychological well-being should also facilitate employee performance. Employees
with stronger psychological resources can regulate attention and emotion, persist after
setbacks, maintain constructive relationships, and adapt to uncertain demands. Positive
affect can broaden thought–action repertoires, while purpose, mastery, and supportive
relationships provide resources for sustained functioning. In contrast, depleted well-being
restricts the capacity available for concentration, cooperation, and adaptation. Evidence
has generally linked employee well-being with job performance, although effect sizes and
temporal ordering vary across designs [43]. The present cross-sectional design therefore
tests an association consistent with, but not definitive evidence of, the proposed process.

H6. Psychological well-being is positively associated with employee performance.

Psychological well-being provides a theoretically distinct basis for a positive sta-
tistical indirect association between perceived digital transformation and employee per-
formance. Examining it alongside engagement differentiates psychological functioning
from investment in work. These indirect associations do not establish temporal me-
diation, and cross-sectional estimates may differ from the corresponding longitudinal
relationships [40]. Accordingly:
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H7. Perceived digital transformation is positively associated with employee performance indirectly
through psychological well-being, as represented by a positive statistical indirect association in the
specified regression model.

2.4. Technological Innovation as a Complementary Resource Context

Digital transformation creates a technological and organizational platform, but tech-
nological innovation determines the extent to which that platform is used to improve
existing products, services, and processes or to develop substantially new solutions. In
this study, technological innovation encompasses both incremental and radical innovation
as perceived by employees. The distinction between transformation and innovation is
theoretically important: an enterprise may deploy digital systems without building routines
for experimentation, learning, and application, whereas an innovation-oriented enterprise
can convert digital inputs into concrete improvements and new forms of value creation [26].
Technological innovation is therefore conceptualized as a complementary organizational
resource context rather than as another label for digital transformation.

Complementarity logic and COR theory jointly suggest that technological innovation
strengthens the value of digital transformation. When technological innovation is high,
digital data, platforms, and connectivity are more likely to be paired with experimentation,
feedback, technical support, and opportunities to apply new ideas [5,44,45]. These com-
plementary resources increase the likelihood that employees can convert transformation
into better work outcomes. When technological innovation is low, digital systems may
be implemented primarily for compliance, control, or surface modernization; employees
then bear adaptation costs without equivalent opportunities to improve how work is per-
formed [6,14]. The positive association between digital transformation and performance
should consequently be stronger in a high-innovation environment.

H8. Perceived technological innovation positively moderates the association between perceived
digital transformation and employee performance, such that the association is stronger when
perceived technological innovation is higher.

The same complementarity should operate at the first stage of each indirect pathway.
An innovation-supportive context gives employees discretion to experiment with digital
tools, makes learning more consequential, and provides visible evidence that transforma-
tion can produce useful outcomes [5,45]. These conditions enhance the meaningfulness and
efficacy of resource investment, strengthening engagement. By contrast, transformation
without innovation may resemble an imposed technical change with limited scope for em-
ployee initiative [45–47]. Technological innovation should therefore amplify the association
between perceived digital transformation and engagement.

H9. Perceived technological innovation positively moderates the association between perceived digi-
tal transformation and employee engagement, such that the association is stronger when perceived
technological innovation is higher.

Perceived technological innovation may condition the association between perceived
digital transformation and psychological well-being. An environment that supports incre-
mental improvement and radical experimentation can provide learning support, problem-
solving latitude, feedback, and a sense of progress [5,14,45]. These resources can offset
the uncertainty and effort involved in adopting new digital practices. Where innovation
support is weak, the same transformation may be experienced as additional workload,
fragmented implementation, or intensified control, offering fewer resource gains to com-
pensate for its demands [6,14,25]. Accordingly, the association between perceived digital
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transformation and psychological well-being should be more positive at higher levels of
technological innovation.

H10. Perceived technological innovation positively moderates the association between perceived
digital transformation and psychological well-being, such that the association is stronger when
perceived technological innovation is higher.

The moderation arguments imply that statistical indirect associations through engage-
ment and psychological well-being may vary with perceived technological innovation.
COR theory provides a rationale for these conditional relationships [12,13], but temporal
resource-gain processes are not tested. Cross-sectional indirect estimates may be biased
representations of longitudinal mediation [40]. Conditional indirect associations and
moderated mediation indices are therefore examined using the approach proposed by
Hayes [48].

H11. The statistical indirect association between perceived digital transformation and employee per-
formance through employee engagement becomes more positive as perceived technological innovation
increases.

H12. The statistical indirect association between perceived digital transformation and employee
performance through psychological well-being becomes more positive as perceived technological
innovation increases.

H4 and H7 concern statistical indirect associations evaluated at mean perceived
technological innovation, whereas H11 and H12 concern variation in these associations
across moderator levels. These hypotheses do not test temporal resource-gain spirals,
causal transmission, or the ordering of changes in digital transformation, employee states,
and performance.

The proposed model combines a direct association with two parallel statistical indirect
associations and perceived technological innovation as an individual-level moderator.
Perceived digital transformation is expected to be positively associated with employee
performance directly and indirectly through engagement and psychological well-being.
These associations are expected to vary with perceived technological innovation. The
single-wave design tests patterns consistent with COR reasoning without establishing
temporal resource conversion or causal mediation.

3. Materials and Methods
3.1. Research Design

This study employed a quantitative, cross-sectional survey design to examine the
direct and indirect associations between employees’ perceptions of digital transformation
and employee performance and to determine whether technological innovation conditioned
these associations. The unit of analysis was the individual employee. Perceived digital
transformation and perceived technological innovation represent individual employees’
assessments of digital transformation and technological innovation in their employing
enterprises. Although the questionnaire items refer to organizational practices and activities,
the resulting scores capture each respondent’s perceptions rather than independently
verified organizational capabilities. The scores were not aggregated to the enterprise level,
and no claims of shared organizational climate or between-enterprise differences are made.
Accordingly, the model estimates relationships among individual-level perceptions and self-
reported employee outcomes. The empirical model specified employee engagement and
psychological well-being as parallel mediators and technological innovation as a moderator
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of the digital transformation–performance association and of the first stage of both indirect
pathways. Because all variables were measured at one point in time, the analyses estimate
conditional associations and indirect effects; they do not by themselves establish temporal
precedence or causality. Reporting was guided by the relevant principles of the STROBE
statement for cross-sectional studies [49].

3.2. Research Setting and Participants

The study involved employees from 58 SOEs in Guangxi, China, operating in manu-
facturing, energy, telecommunications, finance, and public utilities. The available documen-
tation does not specify how enterprises were initially selected and contacted or whether
any invited enterprises declined.

Eligible participants were required to satisfy five conditions: they were employed
by an SOE located in Guangxi; held a full-time formal position; had worked in the en-
terprise for at least 1 year; used digital systems directly or indirectly, or participated in
digital-transformation processes; and voluntarily agreed to participate. Interns, short-term
workers, employees with less than 1 year of organizational tenure, individuals whose work
had no direct or indirect connection with digital systems, and individuals who did not
consent were excluded. Eligibility was assessed through five screening questions placed
before the substantive questionnaire. Respondents could proceed only after answering
“Yes” to all five questions.

3.3. Sampling Strategy and Sample Size

The parent study planned stratification by enterprise size and employee role to
broaden coverage across organizational contexts. Within participating enterprises, ques-
tionnaires were distributed through organizational contacts and communication channels
to employees who met the eligibility requirements. Accordingly, the achieved sample
should be understood as an eligibility-screened, organization-facilitated sample rather
than as a probability sample from a complete employee-level roster. This characterization
avoids overstating representativeness where individual selection probabilities could not
be documented.

The analytical sample comprised 500 employees. A conventional F-test sensitivity
analysis indicated minimum detectable interaction f2 values of 0.0158 and 0.0211 at 80%
and 90% power, respectively (α = 0.05; residual df = 496). Simulation sensitivity for
the moderated mediation index through employee engagement used 1000 datasets per
scenario and 999 respondent-level bootstrap resamples per dataset (seed = 20261007),
retaining observed predictors and calibrating other coefficients and multivariate normal
error covariance to the fitted models. Detection rates were 19.3%, 56.3%, 91.0%, and 98.9%
for indices of 0.01742, 0.03483, 0.05225, and 0.06966, respectively; the null rejection rate was
5.5%. These assumption-dependent results indicate limited sensitivity to small effects and
do not account for enterprise clustering.

3.4. Survey Response and Sample Retention

A total of 550 questionnaires were reported as distributed, and 520 were returned
(94.55%). This questionnaire-return rate reflects organization-facilitated recruitment rather
than participation from a probability-based sampling frame. The available documentation
does not establish how individual invitees were selected or how the distribution total was
enumerated. Screening identified 10 ineligible responses, 5 incomplete responses, and
5 responses failing the prespecified response-quality criteria. Each excluded questionnaire
was counted once, leaving 500 usable responses (96.15% of returned questionnaires). All
retained respondents confirmed the five eligibility and consent screening items and re-
ported full-time permanent employment. The achieved sample is an eligibility-screened,
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organization-facilitated nonprobability sample; the high return rate does not establish
representativeness. Eligibility through digital-system-related work did not require partic-
ipation in digital transformation projects. Thus, the 47 respondents (9.4%) reporting no
project involvement remained eligible through their digital-system-related work.

3.5. Questionnaire Development and Data Collection

The questionnaire comprised eligibility screening questions, respondent characteris-
tics, and 56 substantive items covering five constructs. The instrument drew on the con-
ceptual frameworks cited in Section 3.6. Supplementary Table S1 distinguishes references
providing conceptual foundations from sources of measurement items; conceptual corre-
spondence alone does not establish direct adaptation from a validated scale [1,18,31,41,50].
The questionnaire was developed in English, translated into Chinese, and back-translated
into English by a university English-language teacher. All respondents completed the
Chinese version. A pilot test involving 30 eligible employees yielded no reported feedback,
and no item revisions were made following the pilot. Pilot survey data were excluded from
the main analytical sample of 500 employees.

Following ethics approval on 22 August 2025, data collection continued until Novem-
ber 2025. Organizational contacts distributed questionnaires through enterprise email and
internal communication channels, with printed copies provided in less digitally mature
SOEs. The questionnaire explained the study purpose, voluntary participation, confidential-
ity, academic use of responses, and the estimated completion time of 10–15 min. Employees
decided whether to participate. The available documentation does not specify collection
arrangements, completion during working hours, managers’ knowledge of participation or
access to responses, or the use of reminders or incentives.

3.6. Measures

All constructs were measured using multi-item self-report instruments with five-
point response anchors ranging from 1 (very low) to 5 (very high). Construct scores were
calculated as item means, retaining the 1–5 scale, with higher scores indicating higher
levels of each construct. All items were positively worded, with no reverse-keyed items.
This wording and shared response format may permit acquiescence and response-style
covariance to inflate correlations; reliability, CFA, and common-method diagnostics do not
eliminate these risks. Overall scores were retained following comparisons of alternative
CFA specifications based on admissibility, fit, and parsimony rather than reliability alone
(Supplementary Table S2). Supplementary Table S1 documents item wording, intended
dimensions, conceptual foundations, and available provenance information, explicitly
identifying where original item sources or adaptation records could not be verified.

3.6.1. Perceived Digital Transformation

Perceived digital transformation refers to an individual employee’s assessment of the
enterprise’s digital strategic direction, operational support, and value creation through
digital initiatives. Perceived digital transformation was measured using a scale of 12 items
based on the conceptualization of digital transformation as a firm-level process that entails
strategic renewal, changes in organizational processes and capabilities, and the creation of
new types of value [1,51]. These items covered dimensions such as strategic orientation,
operational pillars, and value creation, with four items per dimension. They assessed em-
ployees’ understanding of the firm’s vision and objectives related to digital transformation,
strategic fit between the firm’s digital transformation strategy and its objectives, training
and support from other departments, efficient and integrated platforms, and value created
due to these initiatives. An example item is: “The technology platforms we use are efficient
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and well-integrated.” The perceived digital transformation score was calculated as the
mean of the 12 items.

3.6.2. Perceived Technological Innovation

Perceived technological innovation refers to an individual employee’s assessment of
incremental and radical technological innovation activities in the employing enterprise.
It is examined as an individual-level perceptual moderator, rather than as an objectively
measured enterprise-level capability. Assessment of technological innovation involved
the use of eight indicators formulated to represent incremental and radical innovation,
drawing on conceptual foundations [52,53]. Four of these indicators reflected incremental
innovation, focusing on continuous improvement, technological upgrades, cost reduction,
and product/service enhancement. The remaining four indicators represented radical
innovation, highlighting investments in innovative technologies, business model creation,
high-risk, high-reward activities, and exploratory activities with the potential to generate
new markets. An example item is: “My organization constantly makes small improvements
in enhancing existing products or services.”

3.6.3. Employee Engagement

Employee engagement was assessed using a 12-item questionnaire consistent with
the three-dimensional model of the Employee Engagement Scale [35], with four items per
dimension. The items assessed employees’ perceptions of their contributions to organiza-
tional goals, cognitive engagement in improving performance, emotional attachment to
their jobs, discretionary effort, initiative, energy, and perseverance. An example item is: “I
take the initiative to improve processes or resolve problems at work.”

3.6.4. Psychological Well-Being

Psychological well-being was assessed using 12 items covering emotional well-being,
psychological functioning, and social well-being, with four items per dimension. The con-
ceptual foundations were positive mental health and flourishing [41,42]. The items included
positive emotions, emotion regulation, work–life balance, confidence, growth, purpose,
autonomy, supportive relationships, belonging, cooperation, and meaningful contribution.
The mean of the 12 items was used as the overall score. The raw-data label “Mental_health”
was retained in the dataset; “psychological well-being” is the manuscript’s descriptive label
for the positive functioning assessed by these items. This terminology does not establish
equivalence to Ryff’s scales or the MHC-SF. Item wording, intended dimensions, and
limitations of item-level provenance are documented in Supplementary Table S1.

3.6.5. Employee Performance

Employee performance was assessed using 12 items covering task, contextual, and
adaptive performance, with four items per dimension. The measurement framework
draws on the multidimensional conceptualization of individual work performance [54] and
research defining adaptive performance as employees’ ability to adjust their behavior to
changing work demands [55]. Task-performance items addressed productivity, efficiency,
work quality, and timely goal achievement. Contextual-performance items addressed
helping others, taking initiative beyond formal role requirements, contributing to the
work environment, and supporting organizational objectives. Adaptive-performance items
addressed adjustment to changes in the work environment, effective functioning under
uncertainty, learning new skills, and handling unexpected situations. An example item
is: “I adapt quickly to changes in work environment or job requirements.” The overall
performance score was calculated as the mean of the 12 items.
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3.6.6. Respondent Characteristics

The questionnaire recorded gender, age group, educational attainment, job position,
functional department, organizational tenure, level of involvement in digital transforma-
tion, and employment type. These variables were used to describe the sample. They were
not automatically entered as statistical controls because control-variable inclusion without
a clear theoretical rationale can distort focal estimates [56]. The primary model excluded
demographic controls; supplementary sensitivity analyses adjusted for age, education, job
position, work experience, and digital-transformation involvement.

3.7. Data Screening and Quality Control

The returned questionnaire data were screened to determine eligibility, completeness,
and response quality. The data were checked for missing values, duplicate responses,
straight-line responding, and low within-person variability. A within-person standard
deviation below 0.20 was used to flag responses for review rather than automatic exclusion.
Outliers were checked using both univariate and multivariate measures, which included
standardized scores, Mahalanobis Distance, leverage, and Cook’s distance. Cases flagged
for any of these reasons were only excluded if there were several indications and their
effects were analyzed.

Before testing the hypotheses, distributional and regression assumptions were tested
using skewness and kurtosis coefficients, residual analysis, the Breusch–Pagan test, Ramsey
Regression Specification Error Test (RESET), variance inflation factors (VIF), and influence
analysis. HC3 robust standard errors were used in all regression-based conditional pro-
cess analyses. Screening criteria included absolute composite-score z values > 3.29 and
Mahalanobis Distance > 20.515 (χ2 with 5 degrees of freedom, p < 0.001). For the employee-
performance equation, potentially influential observations were flagged using Cook’s
distance > 4/N (0.008) and leverage > 2p/N (0.024), where p = 6, including the intercept.
Flags prompted inspection and sensitivity analysis rather than automatic exclusion.

3.8. Data Analysis
3.8.1. Descriptive and Measurement Analyses

Analyses were conducted in R 4.5.1. Descriptive statistics and internal consistency
were examined using psych 2.6.5. CFA models were estimated using lavaan 0.7-2 with
robust maximum likelihood (MLR), treating five-point item responses as continuous indica-
tors and fixing latent variances to one (std.lv = TRUE). The FIML missing-data option was
specified, although no missing item responses were present. Model fit was evaluated using
scaled chi-square, robust CFI and TLI, RMSEA with its 90% confidence interval, and SRMR.
Reliability and validity were assessed using standardized factor loadings, Cronbach’s alpha,
composite reliability, average variance extracted (AVE), the Fornell–Larcker criterion, and
the heterotrait–monotrait (HTMT) ratio. Composite reliability and AVE were calculated
using semTools 0.5-9.

Procedural and statistical diagnostics were used to assess the potential influence of
common-method variance. Procedural measures included voluntary participation, confi-
dentiality assurances, neutral item wording, construct-specific instructions, and separate
questionnaire sections. Statistical diagnostics comprised Harman’s single-factor test and
a common latent factor (CLF) analysis. The CLF model included a common factor with
fixed variance, freely estimated loadings on all 56 items, and zero correlations with the five
trait factors. These diagnostics were treated as sensitivity tests rather than evidence that
common-method bias was absent [57].
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3.8.2. Hypothesis and Conditional Process Tests

Hypotheses were tested using a moderated parallel-mediation model in which per-
ceived technological innovation moderated the association of perceived digital transforma-
tion with each mediator and its direct association with employee performance. Perceived
digital transformation and perceived technological innovation were mean-centered before
forming their interaction. H1 was tested separately using the total association between
perceived digital transformation and employee performance, excluding the mediators,
moderator, and interaction term.

The conditional process model was specified as follows, where X denotes perceived
digital transformation, W perceived technological innovation, M1 employee engagement,
M2 psychological well-being, and Y employee performance. X and W represent mean-
centered scores.

M1 = i1 + a1X + d1W + a3XW + e1

M2 = i2 + a2X + d2W + a4XW + e2

Y = iY + c’X + dYW + c3XW + b1M1 + b2M2 + eY

Regression coefficients were unstandardized. Conditional indirect associations were
(a1 + a3W)b1 and (a2 + a4W)b2, with moderated mediation indices a3b1 and a4b2, respectively.
Regression models were estimated using ordinary least squares, with HC3 covariance
estimates obtained using sandwich. Conditional direct associations and Johnson–Neyman
boundaries used a t reference distribution based on the outcome model’s residual degrees
of freedom.

Conditional indirect associations and moderated mediation indices were estimated
using 5000 ordinary nonparametric bootstrap resamples with replacement at the respondent
level, implemented using boot 1.3-31. The original bootstrap random-number generator
states were recovered from the saved bootstrap objects, and replay checks reproduced
both sets of 5000 bootstrap draws exactly. All three regression equations were re-estimated
within each resample, retaining the original centering constants and moderator probe
values. Percentile 95% confidence intervals were reported [48]. Within each resample,
conditional total associations were calculated as the sum of the conditional direct association
and both conditional indirect associations. The total association was estimated separately
from the regression of employee performance on perceived digital transformation alone.

Tests were two-tailed with α = 0.05. Primary analyses used the overall employee-
performance composite score; robustness analyses examined task, contextual, and adaptive
performance separately. Given the cross-sectional design, “mediation” refers to statistical
indirect associations without establishing temporal order or causation.

Supplementary sensitivity analyses added categorical controls for age, education, job
position, work experience, and involvement in digital transformation to the employee-
performance equation. These characteristics may relate to digital exposure, work respon-
sibilities, and performance opportunities. Additional specifications included squared
mean-centered digital-transformation and technological-innovation terms, separately and
together with the controls. All models retained both mediators and the interaction and
used HC3 inference.

Employees were recruited from 58 enterprises, creating potential within-enterprise
dependence. Enterprise identifiers were unavailable and could not be recovered from the
available materials. Consequently, respondent counts by enterprise, intraclass correlations,
and sample concentration across enterprises could not be assessed, and multilevel anal-
ysis or organization-clustered standard errors could not be implemented. HC3 standard
errors address heteroskedasticity but do not account for within-enterprise dependence;
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the reported confidence intervals and significance tests therefore remain unadjusted for
organizational clustering.

3.9. Ethical Considerations

The research protocol was reviewed by the Institutional Review Board at Dhonburi
Rajabhat University and found to be eligible for exempt status. The Certificate of Ex-
emption was granted on 22 August 2025 (Certificate of Exemption No. 049/2568; IRB
No. DRUIRB-GOV-66-00015; Research Project No. 056/2568). The questionnaire in-
cluded the objectives of the study, the approximate time required, the voluntary nature
of participation, confidentiality, and that the information would be used for scholarly
purposes. Consent to participate in the study was obtained electronically before partic-
ipants were allowed access to the questions. No identifying information was collected,
and the results were reported anonymously to ensure the privacy of the employees and
companies involved.

4. Results
4.1. Survey Response and Participant Profile

Of the 550 questionnaires distributed, 520 were returned (overall response
rate = 94.55%). Ten returned questionnaires were ineligible, five were incomplete, and
five failed the prespecified response-quality criteria. The final analytical sample therefore
comprised 500 respondents, representing 96.15% of returned questionnaires. No missing
values were present across the 56 measurement items. No exact duplicate measurement
patterns or perfect straight-line responses were identified. One response had a within-
person standard deviation below 0.20 and was retained for sensitivity analysis because it
was neither a perfect straight-line response nor a duplicate pattern.

As shown in Table 1, 55.8% of respondents were men and 39.4% were women. The
largest age group was 25–34 years (41.6%), and 55.4% held a bachelor’s degree. Frontline or
operations employees constituted 60.8% of the sample, while 29.8% were middle managers.
Most respondents were either directly (40.0%) or indirectly (50.6%) involved in digital-
transformation activities. All retained respondents were full-time permanent employees.
These characteristics indicate that the sample included employees occupying different
organizational positions and varying levels of proximity to digital-transformation work.

Table 1. Selected Participant Characteristics.

Characteristic Category n %

Gender

Female 197 39.4

Male 279 55.8

Other 17 3.4

Prefer not to say 7 1.4

Age

Under 25 72 14.4

25–34 208 41.6

35–44 145 29.0

45–54 61 12.2

55 and above 14 2.8
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Table 1. Cont.

Characteristic Category n %

Education

High school or below 30 6.0

Vocational diploma or equivalent 74 14.8

Bachelor’s degree 277 55.4

Master’s degree or above 119 23.8

Job position

Frontline/operations staff 304 60.8

Middle manager 149 29.8

Senior manager/executive 47 9.4

DT involvement

Directly involved 200 40.0

Indirectly involved 253 50.6

Not involved 47 9.4
Note. N = 500. All retained respondents were full-time permanent employees. Full department
and tenure distributions may be reported in an online supplement. “Not involved” refers to digital
transformation project involvement, not digital-system-related work.

4.2. Preliminary and Measurement-Model Results

The construct means ranged from 3.612 to 3.664 on the 1–5 response scale (Table 2).

Table 2. Descriptive Statistics, Reliability, and Correlations.

Variable M SD α 1 2 3 4 5

1. Employee performance 3.612 0.647 0.931 -

2. Perceived digital transformation 3.636 0.687 0.940 0.416 *** -

3. Perceived technological innovation 3.664 0.679 0.911 0.316 *** 0.144 ** -

4. Employee engagement 3.630 0.690 0.942 0.512 *** 0.516 *** 0.280 *** -

5. Psychological well-being 3.632 0.666 0.936 0.435 *** 0.427 *** 0.161 *** 0.272 *** -

Note. N = 500. Values below the diagonal are Pearson correlations. α = Cronbach’s alpha. ** p < 0.01;
*** p < 0.001.

Absolute skewness and kurtosis values did not exceed 0.203 and 0.412, respectively,
suggesting no substantial univariate distributional problems. Cronbach’s alpha coefficients
ranged from 0.911 to 0.942. Employee performance was positively correlated with perceived
digital transformation (r = 0.416, p < 0.001), perceived technological innovation (r = 0.316,
p < 0.001), employee engagement (r = 0.512, p < 0.001), and psychological well-being
(r = 0.435, p < 0.001). Perceived digital transformation was also positively correlated with
both mediators, particularly employee engagement (r = 0.516, p < 0.001).

For the employee-performance equation, 24 observations exceeded the Cook’s distance
threshold of 0.008, and 41 exceeded the leverage threshold of 0.024; maximum values were
0.036 and 0.070, respectively. The studentized Breusch–Pagan test, χ2(5) = 3.841, p = 0.573,
and RESET test, F(2, 492) = 0.199, p = 0.820, were nonsignificant.

4.3. Measurement Quality and Common Method Diagnostics

One-factor models yielded admissible solutions. Several multidimensional alterna-
tives produced improper, boundary, or nonconvergent solutions; the admissible two-factor
technological-innovation model showed a latent correlation of 0.991. Overall scores were
retained as a practical analytical choice, while recognizing that limited empirical differ-
entiation does not establish theoretical unidimensionality (Supplementary Table S2). As
shown in Table 3, the five-factor measurement model yielded scaled χ2(1474) = 1541.696,
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p = 0.107, robust CFI = 0.996, robust TLI = 0.996, robust RMSEA = 0.010, 90% CI [0.000,
0.015], and SRMR = 0.029. Standardized loadings ranged from 0.674 to 0.798, all p < 0.001.
Composite reliability ranged from 0.911 to 0.942, and AVE ranged from 0.532 to 0.577. Each
construct’s square root of AVE exceeded its latent correlations with other constructs, and
all HTMT values were below 0.55, supporting convergent and discriminant validity within
the specified model.

Table 3. Measurement-Model Fit, Reliability, and Validity.

Overall Five-Factor Model Fit

Fit Statistic Observed Value Criterion/Information

Scaled χ2 (df) 1541.696 (1474) p = 0.107

Robust CFI/TLI 0.996/0.996 ≥0.950

Robust RMSEA (90% CI) 0.010 [0.000, 0.015] ≤0.060

SRMR 0.029 ≤0.080

Construct-level measurement quality

Construct Loading range α CR AVE
√

AVE Max HTMT

Employee performance 0.674–0.778 0.931 0.932 0.532 0.730 0.545

Perceived digital transformation 0.694–0.789 0.940 0.940 0.568 0.753 0.545

Perceived technological innovation 0.707–0.780 0.911 0.911 0.563 0.750 0.339

Employee engagement 0.722–0.798 0.942 0.942 0.577 0.760 0.545

Psychological well-being 0.699–0.773 0.936 0.936 0.551 0.743 0.463

Modification indices were examined as supplementary diagnostics (Supplementary
Table S3). The largest index in the primary model concerned C1–D7 residual covariance
(MI = 14.616; standardized EPC = 0.188). The correlated employee-performance dimen-
sions model yielded inadmissible latent correlations (TP–CP = 1.004; CP–AP = 1.015). The
higher-order model showed near-unit latent correlations and a singular information ma-
trix, preventing computation of modification indices. These alternatives did not provide
interpretable support for differentiated performance dimensions. No model revisions were
made on the basis of modification indices.

The favorable global fit does not, by itself, establish complete construct validity,
translation equivalence, theoretical unidimensionality, or freedom from common-method
and response-style bias.

A content review of the available English item wording identified conceptual over-
lap between engagement and performance, particularly initiative and problem solving
(F10/C6), support for organizational goals (F4/C8), and goal-directed persistence (F12/C4).
Although these items differ in emphasis, shared behavioral content may inflate their associ-
ations. Favorable CFA and HTMT results do not eliminate this concern, and the review
does not establish equivalence of the administered Chinese wording.

An ordinal CFA sensitivity analysis using WLSMV retained the same five-factor
specification without cross-loadings or correlated item residuals. The model converged,
with robust CFI = 0.981, robust TLI = 0.981, robust RMSEA = 0.024, 90% CI [0.018, 0.029], and
SRMR = 0.032. Standardized loadings ranged from 0.737 to 0.847, and factor correlations
ranged from 0.155 to 0.551. These results supported the broad measurement pattern
obtained with MLR. Although a parameter-covariance warning occurred, eigenvalue checks
found no materially negative eigenvalues, a positive-definite information matrix, and no
negative estimated variances. Complete model specifications, standardized loadings, and
factor correlations are reported in Supplementary Table S4.
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Harman’s unrotated first factor accounted for 30.242% of total variance. Adding a
common latent factor did not significantly improve model fit, ∆χ2(56) = 56.797, p = 0.445.
The mean absolute loading change was 0.003, the maximum was 0.013, and the method
factor accounted for an average of 0.8% of item variance. These diagnostics do not rule out
common-method bias, acquiescence, or response-style covariance arising from same-source,
same-time measurement and positively worded items.

4.4. Hypothesis Tests
4.4.1. Structural Paths and Explanatory Power

The structural estimates are summarized in Table 4 and Figure 1. The total associa-
tion between perceived digital transformation and employee performance was positive
(b = 0.392, 95% bootstrap CI [0.312, 0.468]), supporting H1. Separately, the conditional di-
rect association at mean perceived technological innovation, accounting for both mediators,
was positive (b = 0.133, 95% HC3 CI [0.053, 0.213], p = 0.001). Digital transformation was
positively associated with employee engagement (b = 0.493, p < 0.001; H2), and engagement
was positively associated with performance (b = 0.299, p < 0.001; H3). Digital transforma-
tion was also positively associated with psychological well-being (b = 0.410, p < 0.001; H5),
which was positively associated with performance (b = 0.227, p < 0.001; H6).

Table 4. HC3 Robust Structural Estimates and Explanatory Power.

Association b Bootstrap SE 95% Bootstrap CI

Total association: perceived DT → self-reported EP (H1) 0.392 0.040 [0.312, 0.468]

HC3 robust structural estimates

Outcome Predictor b Robust SE t p

Employee Engagement

DT 0.493 0.037 13.461 <0.001

TI 0.213 0.037 5.773 <0.001

DT × TI 0.117 0.050 2.325 0.020

Psychological well-being

DT 0.410 0.041 10.127 <0.001

TI 0.097 0.040 2.422 0.016

DT × TI 0.227 0.057 4.019 <0.001

Employee performance

DT 0.133 0.041 3.251 0.001

TI 0.160 0.035 4.574 <0.001

DT × TI 0.273 0.045 6.038 <0.001

Engagement 0.299 0.039 7.584 <0.001

Psychological well-being 0.227 0.039 5.827 <0.001

Explanatory power and interaction increment

Outcome R2 Adj. R2 ∆R2 f 2 Robust F change p

Employee Engagement 0.316 0.312 0.006 0.009 5.405 0.020

Psychological well-being 0.219 0.215 0.026 0.034 16.155 <0.001

Employee performance 0.425 0.419 0.039 0.068 36.452 <0.001

Note. DT = perceived digital transformation; TI = perceived technological innovation. ∆R2 and f 2

refer to adding the DT × TI interaction. The total association was estimated in a separate regression
excluding the mediators, moderator, and interaction term; its percentile confidence interval is based
on 5000 bootstrap resamples. All reported significance tests and confidence intervals are unadjusted
for potential within-enterprise dependence.
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Figure 1. Estimated focal moderated parallel-mediation model.

The interaction between digital transformation and technological innovation was pos-
itive in all three equations. It predicted employee performance (b = 0.273, p < 0.001;
H8), employee engagement (b = 0.117, p = 0.020; H9), and psychological well-being
(b = 0.227, p < 0.001; H10). The models explained 31.6% of the variance in engagement,
21.9% in psychological well-being, and 42.5% in employee performance. Adding the
interaction increased R2 by 0.006, 0.026, and 0.039 for engagement, psychological well-
being, and employee performance, respectively, equivalent to approximately 0.6, 2.6, and
3.9 percentage points of explained variance.

The interaction f2 values were 0.009 for employee engagement, 0.034 for psycho-
logical well-being, and 0.068 for employee performance (Table 4). These values indicate
limited incremental explanatory contributions, especially for engagement. Statistical signif-
icance should therefore not be interpreted as evidence of substantial practical benefits or
intervention effectiveness.

4.4.2. Conditional Direct Association

At low perceived technological innovation (mean − 1 SD; 2.985), the conditional
direct association between perceived digital transformation and employee performance
was negative but nonsignificant (b = −0.053, 95% CI [−0.147, 0.042], p = 0.274). At the
mean, it was positive and significant (b = 0.133, 95% CI [0.053, 0.213], p = 0.001); at high
perceived technological innovation (mean + 1 SD), it was more positive (b = 0.318, 95% CI
[0.212, 0.424], p < 0.001).

Johnson–Neyman analysis identified a significantly negative conditional direct asso-
ciation below 2.794, a nonsignificant association between 2.794 and 3.471, and a signifi-
cantly positive association above 3.471. These regions contained 51 respondents (10.2%),
128 respondents (25.6%), and 321 respondents (64.2%), respectively. The negative region
lies below the mean − 1 SD probe but remains within the observed moderator range.
Its limited data density and wider confidence intervals warrant caution. The findings
indicate that the conditional direct association was not uniformly positive across observed
levels of perceived technological innovation; the boundaries are sample-specific rather than
organizational thresholds.

Shading indicates the 95% HC3 confidence interval using a t reference distribution;
dashed vertical lines mark the Johnson–Neyman boundaries (2.794 and 3.471). The lower
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panel displays the observed moderator distribution. Confidence intervals are unadjusted
for enterprise clustering.

4.4.3. Parallel Mediation and Moderated Mediation

Table 5 presents the conditional direct, indirect, and total associations. At the mean
perceived technological innovation, the indirect association through employee engagement
was 0.147, 95% bootstrap CI [0.105, 0.195], supporting H4. The indirect association through
psychological well-being was 0.093, 95% bootstrap CI [0.058, 0.133], supporting H7. Both
indirect associations were positive at low, mean, and high levels of technological innovation,
but their magnitudes increased as technological innovation increased. Conditional total
associations were positive at the mean − 1 SD (0.129), mean (0.373), and mean + 1 SD
(0.617), with all bootstrap confidence intervals excluding zero.

Table 5. Conditional Direct, Indirect, and Total Associations.

Conditional Direct Association of Digital Transformation with Performance

TI Level Centered TI b Robust SE t p 95% CI

Low (−1 SD) −0.679 −0.053 0.048 −1.095 0.274 [−0.147, 0.042]

Mean 0.000 0.133 0.041 3.251 0.001 [0.053, 0.213]

High (+1 SD) 0.679 0.318 0.054 5.910 <0.001 [0.212, 0.424]

Conditional indirect associations (5000 bootstrap resamples)

Mediator TI level Indirect b Boot SE 95% bootstrap CI Result

Employee Engagement

Low 0.124 0.023 [0.083, 0.171] Significant

Mean 0.147 0.023 [0.105, 0.195] Significant

High 0.171 0.027 [0.121, 0.228] Significant

Psychological well-being

Low 0.058 0.017 [0.029, 0.094] Significant

Mean 0.093 0.019 [0.058, 0.133] Significant

High 0.128 0.026 [0.082, 0.182] Significant

Indices of moderated mediation

Mediator Index 95% bootstrap CI Decision

Employee engagement 0.035 [0.004, 0.066] Supported (H11)

Psychological well-being 0.052 [0.023, 0.084] Supported (H12)

Conditional total associations

Perceived TI level Conditional total association Bootstrap SE 95% bootstrap CI

Mean − 1 SD 0.129 0.044 [0.043, 0.215]

Mean 0.373 0.035 [0.301, 0.441]

Mean + 1 SD 0.617 0.050 [0.513, 0.710]

Note. DT = perceived digital transformation; TI = perceived technological innovation. Lower and
higher TI represent the mean − 1 SD and mean + 1 SD, respectively. Direct associations use 95% HC3
confidence intervals; indirect associations, conditional total associations, and moderated mediation
indices use percentile 95% bootstrap confidence intervals based on 5000 resamples. Conditional
total associations equal the conditional direct association plus both conditional indirect associa-
tions. All reported significance tests and confidence intervals are unadjusted for potential within-
enterprise dependence.

The index of moderated mediation through employee engagement was 0.035,
95% bootstrap CI [0.004, 0.066], supporting H11. The corresponding index through psycho-
logical well-being was 0.052, 95% bootstrap CI [0.023, 0.084], supporting H12.
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Both moderated mediation indices excluded zero, indicating that the conditional
indirect associations varied with perceived technological innovation. At the mean − 1
SD, the conditional direct association was nonsignificant, while both indirect associations
were positive. This probe should be distinguished from the Johnson–Neyman region below
2.794, where the conditional direct association was significantly negative. Opposing direct
and indirect associations are consistent with inconsistent statistical mediation and may
reflect suppression; they do not establish a causal mechanism.

4.4.4. Robustness and Sensitivity Analyses

The substantive pattern was unchanged when task, contextual, and adaptive perfor-
mance were analyzed separately. The direct coefficients for digital transformation ranged
from 0.127 to 0.142 (p values ≤ 0.006), and the interaction coefficients ranged from 0.265 to
0.280 (all p < 0.001). For all three performance dimensions, the indirect associations through
employee engagement and psychological well-being were significant, and the bootstrap
confidence intervals for both indices of moderated mediation excluded zero. Sensitivity
checks involving the low-variance response and the case flagged by the Mahalanobis-
distance criterion did not materially alter the direction or inferential interpretation of the
focal estimates. The conclusions were therefore not dependent on a single performance
dimension or an isolated flagged observation.

The DT × TI interaction remained positive after adjustment for the five categorical
controls (b = 0.272, 95% HC3 CI [0.178, 0.365]) and after adding both controls and quadratic
terms (b = 0.267, 95% HC3 CI [0.171, 0.363]), both p < 0.001. The quadratic terms were
jointly nonsignificant without controls, F(2, 492) = 0.044, p = 0.957, and with controls,
F(2, 478) = 0.083, p = 0.920. These checks support the interaction’s stability under the
examined specifications but do not exclude other nonlinear relationships or resolve
enterprise clustering.

In the control-adjusted model, the Johnson–Neyman boundaries were 2.798 and 3.495,
within the observed perceived-technological-innovation range of 1.625–5.000. The negative,
nonsignificant, and positive regions contained 51 (10.2%), 128 (25.6%), and 321 (64.2%)
respondents, respectively. These sample- and model-specific boundaries are not substantive
organizational thresholds.

5. Discussion
The findings indicate individual-level conditional associations between perceived

digital transformation and employee performance, including positive statistical indirect
associations through engagement and psychological well-being. These associations varied
with perceived technological innovation. The significantly negative conditional direct
region contained only 10.2% of respondents, warranting caution about its interpretation.
The results are consistent with COR-informed reasoning but do not establish causal or
temporal resource-conversion processes.

5.1. Interpretation of the Findings
5.1.1. Digital Transformation and Employee Performance

The positive total association between perceived digital transformation and employee
performance supports H1 and is consistent with the view that digital transformation may
expand employees’ work resources. Integrated information, clearer process visibility,
faster feedback, and digitally supported coordination can reduce avoidable effort and
improve the quality and timeliness of work decisions [1,2,32]. From a conservation of
resources (COR) perspective, these features can provide informational, cognitive, and
social resources that employees invest in task completion, discretionary contribution, and
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adaptation [12,39,58]. The robustness analyses, in which the same substantive pattern
emerged for task, contextual, and adaptive performance, suggest that the result was not
driven by only one aspect of self-reported work behavior.

In the conditional process model, the direct association at mean perceived technolog-
ical innovation was 0.133 (95% HC3 CI [0.053, 0.213]), while the statistical indirect asso-
ciations through engagement and well-being were 0.147 (95% bootstrap CI [0.105, 0.195])
and 0.093 (95% bootstrap CI [0.058, 0.133]), respectively. Their sum yielded a conditional
total association of 0.373 (95% bootstrap CI [0.301, 0.441]), which is distinct from the total
association used to test H1. This finding is important because firm-level accounts of digi-
tal transformation have traditionally emphasized technology adoption, strategic change,
process reconfiguration, and business-model redesign, often leaving the employee-level
conversion process less explicit [4,5]. Recent research, however, emphasizes that employees
are not merely recipients of digital systems; their appraisals, predispositions, and participa-
tion shape how digital transformation is enacted in practice [32,39,59]. The present findings
extend this employee-centered view by suggesting that, when employees perceive digital
transformation as providing usable resources, its association with performance is partly
reflected through stronger engagement and psychological well-being.

The results should not be interpreted as evidence that digital transformation inevitably
causes performance improvement. The data were cross-sectional, and employees who
perform well may evaluate organizational transformation more favorably. In addition,
supportive management or effective work design could influence both perceptions of trans-
formation and performance. The evidence is therefore best understood as a theoretically
coherent pattern of conditional associations rather than as a definitive causal sequence.

5.1.2. Engagement and Well-Being as Parallel Employee Pathways

A positive statistical indirect association through employee engagement was observed
at low, mean, and high perceived technological innovation. This finding is consistent with
the view that people invest more of their cognitive, emotional, and physical selves in work
when the environment provides meaningfulness, psychological safety, and availability [17].
Digitally transformed work may clarify how roles contribute to organizational goals,
increase access to relevant knowledge, and create opportunities to solve problems. These
resources can support vigor, dedication, attention, and persistence, which have established
links with task and contextual performance [18,21,36]. This pattern is consistent with a
motivational resource-investment interpretation, but does not demonstrate conversion of
digital resources into effort over time.

A positive conditional indirect association through psychological well-being was
observed at each examined moderator level. This pattern is consistent with resource-
based interpretations linking psychological functioning with employee performance [41,43]
and with broaden-and-build theory [60]. However, the single-wave data do not demon-
strate that digital transformation improves well-being or that well-being subsequently
improves performance.

Considering the two mediators in parallel clarifies that engagement and well-being are
related but not interchangeable. Engagement reflects active investment in work, whereas
psychological well-being reflects the condition and sustainability of the psychological re-
source base from which such investment is made. An employee may be highly involved
during a demanding digital rollout while simultaneously experiencing depletion, or may
feel psychologically well but remain weakly connected to the transformation. The signifi-
cance of both indirect pathways after mutual adjustment is consistent with two distinct sta-
tistical indirect associations in which digital transformation is associated with performance
through motivational activation and sustainable psychological functioning [35,39,41,42].
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At perceived technological innovation one standard deviation below the mean, the
conditional direct association was nonsignificant, whereas both conditional indirect asso-
ciations were positive and significant. This describes a statistical decomposition rather
than full causal mediation. Reverse directionality and unmeasured common causes remain
possible; the analysis cannot establish that engagement or well-being transmits a causal
effect of perceived digital transformation on employee performance [40].

5.1.3. Technological Innovation as a Boundary Condition

The positive interaction in the employee-performance equation (b = 0.273, 95% HC3
CI [0.184, 0.362]; Table 4) indicates that the conditional direct association between perceived
digital transformation and employee performance was more positive at higher perceived
technological innovation. This concerns individual perceptions and does not establish
greater performance benefits in enterprises with objectively stronger innovation capabilities.
Resource complementarity provides a possible interpretation [26], but the underlying
implementation processes were not measured.

The crossover was concentrated in a limited part of the sample. The significantly
negative region below 2.794 contained 51 respondents (10.2%), whereas the significantly
positive region above 3.471 contained 321 respondents (64.2%); 128 respondents (25.6%)
occupied the nonsignificant region. At mean − 1 SD, the direct association was negative
but nonsignificant (b = −0.053, 95% CI [−0.147, 0.042]). The negative region warrants
caution given its sparse representation and wider confidence intervals (Figure 2). These
sample-specific boundaries should not be treated as managerial cutoffs or a general rule
that digital transformation is harmful under low innovation.

Figure 2. Conditional direct association between perceived digital transformation and employee
performance across perceived technological innovation. The blue line represents the estimated
conditional direct association between perceived digital transformation and self-reported employee
performance; the blue shaded band indicates its 95% confidence interval. The grey bars show the
distribution of respondents’ perceived technological innovation scores. The red dashed vertical lines
mark the Johnson–Neyman thresholds (2.794 and 3.471), and the horizontal dotted line indicates a
zero association.
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Fragmented systems, duplicated procedures, insufficient training, implementation bur-
den, and monitoring pressure offer possible resource-based explanations for the negative
association [6,12,14]. These conditions were not measured, and the study does not establish
that resource depletion precedes subsequent gains [13]. The coexistence of positive indirect
associations and a negative direct association is compatible with inconsistent statistical
mediation, without confirming a causal mechanism.

The moderated mediation indices were positive through both engagement (0.035,
95% bootstrap CI [0.004, 0.066]) and psychological well-being (0.052, 95% bootstrap
CI [0.023, 0.084]; Table 5). These intervals support conditional statistical indirect associa-
tions; no formal test established a difference between the two indices or first-stage interaction
coefficients. Neither pathway is therefore interpreted as more strongly moderated.

Interaction f2 values were 0.009 for engagement, 0.034 for psychological well-being, and
0.068 for employee performance, indicating limited incremental explanatory contributions
(Table 4). Statistical significance should not be equated with substantial practical benefits.
The largest interaction added approximately 3.9 percentage points of explained variance, and
its operational relevance requires longitudinal and external-outcome validation. Confidence
intervals and significance tests remain unadjusted for enterprise clustering.

The interaction predicting employee engagement was small (∆R2 = 0.0065; f2 = 0.0095),
accounting for approximately 0.65 percentage points of additional explained variance. Its
statistical significance therefore should not be interpreted as evidence of substantial practi-
cal importance. The finding suggests modest variation in the engagement association across
perceived technological innovation, while its managerial relevance requires replication and
assessment against meaningful employee outcomes.

5.2. Theoretical Contributions

The study makes four theoretical contributions. First, it extends COR-informed expla-
nations of digital transformation to employees’ perceptions and self-reported performance.
Whereas prior research emphasizes organizational reconfiguration [1,4,61,62], the present
study examines individual-level associations consistent with resource-based reasoning.
It provides evidence relevant to this theoretical account without demonstrating resource
acquisition, conversion, or gain spirals over time.

Second, the study contributes to human sustainability and sustainable HRM by ex-
amining engagement and psychological well-being as distinct pathways alongside self-
reported performance. Engagement reflects resource investment in work, whereas well-
being concerns employees’ psychological functioning. Their joint examination encourages
evaluation of digital initiatives through both performance and employee health. “Psy-
chologically sustainable work” is used here as an interpretive perspective on maintaining
psychological resources under changing demands, rather than as a separate construct or
an outcome established by this cross-sectional study. The contribution beyond established
well-being research lies in examining how well-being–performance associations coexist
with engagement and vary with perceived technological innovation [63–65].

Third, the study identifies perceived technological innovation as a boundary condition
for the observed associations. The interactions and moderated mediation indices indicate
that associations between perceived digital transformation, employee engagement, psy-
chological well-being, and self-reported performance vary with perceived technological
innovation. The conditional direct association was not uniformly positive within this
sample. However, the significantly negative region contained only 51 respondents (10.2%),
compared with 128 (25.6%) in the nonsignificant region and 321 (64.2%) in the positive re-
gion. This pattern should not be generalized as a rule that digital transformation is harmful
under low perceived technological innovation. Resource complementarity offers a possible
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theoretical interpretation [66–68], although organizational capabilities and implementation
processes were not directly tested.

Fourth, the study adds evidence from employees in Chinese state-owned enterprises
(SOEs), a setting in which policy mandates, commercial objectives, hierarchical governance,
legacy systems, and employment responsibilities coexist. These conditions make the
separation between mandated technology adoption and locally usable innovation especially
visible [69,70]. The contribution is not a claim that SOEs are unique or that the estimates
generalize to all Chinese organizations. The setting provides contextual evidence for the
proposed relationships and motivates further investigation of employee experiences where
digital transformation is partly mandate-driven. It does not establish institutional boundary
conditions or differences between ownership types.

These arguments have conceptual relevance to SDG 3 through psychological well-
being and SDG 8 through the consideration of employee functioning alongside productive
work. The connection to SDG 9 is more indirect: perceived technological innovation
provides a context for examining whether employees experience digital change as com-
patible with engagement, well-being, and performance. The study does not measure SDG
indicators or demonstrate progress toward these goals.

5.3. Practical Implications

The findings suggest that managers should consider employees’ experiences and
perceptions of digital transformation and technological innovation when reviewing digital
initiatives. Employee feedback on strategic clarity, training, technical support, system
integration, and opportunities to contribute to technological improvements may help
identify aspects of implementation requiring further assessment. Such feedback should be
considered alongside organizational records and operational indicators, because the present
measures capture individual perceptions rather than objectively verified organizational
capabilities. The observed conditional associations provide a basis for identifying questions
to investigate, but do not establish that specific managerial interventions will improve
employee performance.

Second, managers may consider practices intended to support engagement during
digital implementation. Employees need a credible explanation of the transformation’s
purpose, role-specific training, timely technical support, and visible links between their
work and organizational objectives. Participation mechanisms—such as employee design
workshops, improvement forums, user testing, and feedback channels—may provide
opportunities for employees to contribute to implementation. Managers should also
provide role clarity and appropriate autonomy so that digital tools expand problem-solving
capacity rather than merely intensify monitoring or standardize every action.

Third, performance gains should not be pursued at the expense of psychological
well-being. Leaders can monitor workload, interruptions, after-hours connectivity, learn-
ing burden, and anxiety about surveillance or job displacement during implementation.
Practical safeguards include phased learning schedules, recovery time, accessible support,
transparent data-governance rules, and manager training on technostress. The condi-
tional associations through well-being motivate further evaluation of whether employee
opportunities to adapt tools and influence workflows support psychological functioning
and performance.

Fourth, transformation dashboards should combine technical and human indicators.
Adoption rates, system availability, and project completion reveal little about whether
employees can use the technology effectively. Periodic measures of engagement, well-
being, perceived usability, training adequacy, idea implementation, and supervisor-rated
performance may help assess employee experiences alongside operational outcomes. The
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Johnson–Neyman results are useful as evidence that low-innovation contexts warrant
attention, but the numerical boundaries should not be used as universal pass/fail scores.
Managers should instead compare units over time, investigate local causes, and use quali-
tative feedback to interpret quantitative signals.

Finally, SOE governance bodies should align transformation mandates with local
learning. Central targets can establish urgency and consistency, but they should leave room
for operational units to adapt applications to actual work. Leadership accountability should
therefore include the removal of obsolete procedures, employee participation, innovation
follow-through, and well-being safeguards, not only procurement or implementation
milestones. The effectiveness of these practices requires evaluation using longitudinal and
organizational evidence.

5.4. Limitations and Directions for Future Research

Several limitations identify priorities for future research. First, the cross-sectional
design does not establish temporal ordering or causality. Conditional indirect associations
and moderated mediation indices should therefore be interpreted as statistical associations
consistent with the proposed theoretical model, rather than evidence of a causal process [40].
Future research could use three-wave longitudinal designs, experience-sampling methods,
and quasi-experiments to examine the temporal relationships among digital transformation,
employee engagement, psychological well-being, and performance. Interrupted time-series
and difference-in-differences designs may also be feasible when implementation timing
varies across units.

Second, all study variables were measured using employee self-reports from a single
source. Although the measurement-model results, discriminant-validity assessments,
Harman’s single-factor test, and common latent factor analysis provide relevant diagnostics,
they cannot rule out common-method bias, social desirability, or consistency motives [57].
Positively worded items and a shared response format also leave acquiescence and response-
style covariance unresolved. Conceptual overlap between behavioral engagement and
performance items may also inflate their association and the corresponding conditional
indirect estimates. The magnitude of this potential inflation was not quantified. The
assembled well-being measure should not be assumed equivalent to established Ryff
or MHC-SF instruments. Furthermore, respondents were nested within 58 SOEs, but
enterprise identifiers were unavailable. Consequently, within-enterprise dependence and
between-enterprise variation could not be assessed, and the perceptual measures should
not be interpreted as verified organizational characteristics. Future research needs to
use identifiable multilevel samples and combine employee surveys, supervisor ratings,
objective performance measures, human resources documents, usage logs, and innovation
reports. Organization-facilitated recruitment may have introduced selection effects or
perceived pressure despite voluntary-participation and confidentiality assurances. The
nonprobability sample and unavailable nonrespondent information limit generalizability
beyond the participating employees and enterprises.

A major design limitation is the unmodelled clustering of employees within 58 en-
terprises. Enterprise identifiers could not be recovered, preventing assessment of within-
enterprise dependence and adjustment for clustering. Positive within-enterprise corre-
lations could result in underestimated standard errors and overly narrow confidence
intervals. Statistical significance should therefore be interpreted cautiously. The find-
ings concern individual-level associations in the achieved sample and do not establish
between-enterprise relationships among organizational capabilities. Sensitivity analyses
also indicated limited detection of small interaction and moderated mediation effects under
the specified assumptions and did not establish adequate power for all model parameters.
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Finally, the nonprobability sample was restricted to SOEs in Guangxi, limiting gener-
alizability to other regions, industries, ownership types, and institutional settings. Further-
more, the constructs of interest were operationalized using the global factor model, which
limits dimension-based inference. Moreover, the Johnson-Neyman regions and estimates of
their boundaries are sample-dependent and cannot be considered policy recommendations.
Future research will need to replicate the model in different settings, consider specific di-
mensions of digital transformation, technological innovation, and employee performance,
and explore other boundary conditions including digital literacy, participative leadership,
job autonomy, technology usability, and change fatigue. Preregistered replication studies,
nonlinear modeling, and out-of-sample validation are needed to assess the robustness of
the observed crossover across implementation stages and organizational contexts.

6. Conclusions
This study identifies individual-level associations between perceived digital transfor-

mation and employee performance, including positive conditional indirect associations
through employee engagement and psychological well-being. The conditional direct asso-
ciation varied with perceived technological innovation: it was significantly negative below
2.794, encompassing 51 respondents (10.2%), nonsignificant for 128 respondents (25.6%),
and significantly positive above 3.471 for 321 respondents (64.2%). These sample-specific
boundaries are not managerial thresholds. The findings are consistent with COR-based
interpretations but do not establish temporal resource conversion, causal mediation, or
differences in organizational capabilities.

Within this organization-facilitated nonprobability sample of employees in Guangxi
SOEs, the observed associations suggest that employee perceptions of digital transformation
and technological innovation may be considered alongside engagement, psychological
well-being, and performance when reviewing digital initiatives. However, the small
interaction effect sizes (f2 = 0.009 − 0.068) do not establish that changing innovation
practices, engagement, or well-being will improve performance. The Johnson–Neyman
boundaries are sample-specific statistical results and should not be used as managerial
thresholds or an implementation formula. The cross-sectional, single-source design, single-
region sampling, and significance tests unadjusted for enterprise clustering limit inference
and generalizability. Any practices motivated by these findings require further evaluation
through longitudinal, multi-source, multilevel, or intervention research.
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