INTERNATIONAL JOURNAL OF
ACADEMIC RESEARCH IN

BUSINESS & SOCIAL SCIENCES

Vol 16, Issue 3, (2026) E-ISSN: 2222-6990

Influencing Mechanism of Digital Literacy on
Innovative Job Performance, The Mediating Role
of Job Crafting

Junfeng Cheng
Universiti Sains Malaysia
Email: chengjf1243@student.usm.my

Shankar Chelliah*

Universiti Sains Malaysia
*Corresponding Author Email: shankar@usm.my

DOI Link: http://dx.doi.org/10.6007/IJARBSS/v16-i3/27970
Published Date: 15 March 2026

Abstract

Purpose: This study employed the Job Demands-Resources (JD-R) model to examine how
digital literacy influenced innovative job performance (IJP) through dual mediating
mechanisms of promotion-focused and prevention-focused job crafting. It sought to clarify
how digital literacy shaped the innovation outcomes of STTs via distinct job crafting
orientations. Design/methodology/approach: Using a sample of 692 STTs from Specialized
Refinement Differential Innovation (SRDI) “little giant” companies in China’s Yangtze River
Delta region, this study employed Smart-PLS 4.1.1 for partial least squares structural equation
modeling. The PLS-Predict procedure was used to assess out-of-sample predictive accuracy,
ensuring analytical robustness and theoretical validity. Findings: Digital literacy enhanced 1JP,
positively shaping promotion-focused but negatively influencing prevention-focused job
crafting. While promotion-focused crafting strengthened IJP, prevention-focused job crafting
weakened it. Both mediating effects were significant, and the model exhibited strong
predictive validity. Research limitations/implications: The sample focused on China’s SRDI
“little giant” companies restricts generalizability. Future research should broaden contexts,
adopt multidimensional digital literacy constructs, and apply longitudinal or multi-source
designs to strengthen causal inference and cross-industry applicability. Practical implications:
Findings provide empirical guidance for enhancing employee digital capabilities and 1JP.
Companies should integrate digital literacy development into talent strategies by refining
training, task design, and resource allocation to foster promotion-focused job crafting while
reducing prevention-focused behaviors. Originality/value: This study considered digital
literacy as a critical individual resource within the JD-R model, revealing its dual mechanism
of resource gain and obstacle avoidance, influencing IJP. It expanded theoretical boundaries
and empirical evidence on employee innovation performance in the digital era.
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Introduction

As we enter the new era of IR 5.0 and accelerated digital and intelligent transformation in
industries, digital intelligence technologies are penetrating multiple critical sectors such as
manufacturing, services, and R&D at an unprecedented pace (Bag et al., 2021; Huang & Rust,
2018), driving systemic restructuring of production methods, organizational structures, and
value creation logic. This trend not only significantly enhances production efficiency and
operational capabilities but also imposes new demands on organizational innovation models,
talent structures, and core competitiveness (Anthony et al., 2023). Especially for Specialized
Refinement Differential Innovation (SRDI) “little giant” companies, their competitive
advantages heavily rely on continuous technological breakthroughs and product innovations
in niche markets. The innovative job performance (lIJP) of scientific and technological talents
(STTs) has become a critical source for companies to maintain sustained competitiveness (Li
& Yao, 2024; Sullivan, 2024). However, the opportunities and challenges brought by
digitalization coexist, employees must continuously adapt and improve IJP in a rapidly
changing technological environment, which imposes higher demands on their cognition,
motivation, skills, and organizational support systems (Liang et al., 2022; Yin et al., 2024).

In the context of digital and intelligent transformation, employees with high digital literacy
are often proficient in using digital tools for data analysis, product testing, and optimization.
This not only improves the efficiency of problem identification and resolution but also
significantly enhances the quality of product and service development (Sasmoko et al., 2019).
Digital literacy not only directly enhances employees’perception of the usability and
usefulness of technology but also promotes digital innovation behavior by shaping positive
attitudes toward technology and willingness to apply it (Cetindamar et al., 2021; Nikou et al.,
2022). Employees with high levels of digital literacy are more likely to proactively acquire
knowledge, integrate information, share resources, and demonstrate stronger innovative
momentum in team collaboration (Caroline et al., 2025; Huu, 2023). In the context of SRDI
“little giant” companies, which are characterized by technology intensiveness and limited
resource, digital literacy is not only a prerequisite for employees to adapt to emerging
technologies and digitalized work models but also a crucial safeguard for driving technology
transfer, enhancing organizational innovation capabilities, and improving market
competitiveness. However, empirical research on the digital literacy and 1JP of STTs in SRDI
“little giant” companies is still in its infancy, with limited deep exploration of the digital and
intelligent transformation context.

In this context, employees need to flexibly switch between traditional and digital work modes,
which places higher demands on their ability to proactively adjust work styles and resource
allocation. Digital literacy, digital leadership, transformational leadership, and organizational
support can all enhance employees’ ability to proactively adjust tasks and resource allocation,
thereby optimizing the work environment and stimulating creative potential(Huu, 2023). The
importance of the dual-dimensional job crafting perspective lies in the fact that different
types of job crafting not only reflect employees’ differentiated coping strategies in the face
of challenges and pressures but also reveal the distinct mechanisms through which positive
and negative pathways influence IJP (Bindl et al., 2019; Gui et al., 2024).
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Therefore, this paper will explore the following core question, how does STTs’ digital literacy
in China’s SRDI “little giant” companies further influence their innovation work performance
by both ProJC and PreJC?

Literature Review

Job Demands-Resources (JD-R) Model

The JD-R model was first proposed by organizational behavior scholars (Demerouti et al.,
2001), aiming to examine how stressors and motivational factors in the work environment
influence employees’ work experiences and performance, and it has been extensively applied
in research on employee motivation and organizational management. Within this theoretical
framework, employee performance is determined by the dynamic equilibrium between
demands and resources. Recent research indicates that individuals do not passively accept
their environment but can actively reshape resources and demands through proactive
behaviors, with job crafting serving as a key pathway (Bakker et al., 2023). Huu (2023)
emphasize that digital literacy is a key personal resource that empowers employees with
digital competence and autonomy, thereby having a significant positive impact on their
innovative job behavior, demonstrating its resource-enhancing characteristics.
Simultaneously, it reduces pressure by mitigating the demanding needs arising from
technological complexity and enhances employees’ information processing and resource
integration capabilities, thereby strengthening self-efficacy and situational control (Blanka et
al., 2022). Specifically, STTs with high digital literacy tend to adopt promotion-focused job
crafting (ProJC), actively expanding resources and challenging tasks to stimulate growth
motivation. They also employ PrelJC to reduce hindering demands and conserve limited
resources (Geldenhuys et al., 2021). Together, these approaches optimize resource-demand
matching, enabling employees to maintain engagement and adaptability in high-intensity and
uncertain environments. This transformation into heightened creativity and problem-solving
capabilities drives improved 1JP. Consequently, the JD-R model provides robust theoretical
support for this study, revealing the underlying mechanism through which digital literacy
influences IJP via ProJC and PrelC.

Innovative Job Performance (1JP)

IJP is the critical foundation for enterprises to maintain sustained competitive advantage and
dynamic adaptability(Jin & Peng, 2024). Based on the needs of this study, we focused on the
antecedents of employee 1JP and found that employees’ individual self-efficacy, intrinsic
motivation, knowledge and skills, psychological state, and personality traits, as well as the
organizational environment, leadership behavior, external circumstances, and human
resource management, all have a significant impact on IJP.

Al-Abbadi et al. (2020) demonstrated that knowledge functions as a strategic resource at both
organizational and individual levels, with core management processes, such as acquisition,
sharing, and application, serving as critical enablers of IJP. They further note that knowledge
hoarding, treated as private intellectual capital, significantly shapes innovation outcomes.
Expanding this perspective, Luo and Zhang (2021) argue that employees’ capacity for
knowledge recombination and exposure to diverse domains enhance integration and
application, thereby improving IJP. Huu (2023) highlights digital literacy as a vital competence
enabling effective use of digital tools and fostering innovative behaviors. Yet, Cetindamar et
al. (2021) caution that research has insufficiently examined employees’ digital intelligence
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and the mechanisms through which it influences innovation, indicating a need for deeper
inquiry.

Digital Literacy

With the accelerated development of Industry 5.0, digital intelligence technologies is
increasingly integrated into corporate operations and daily management. Murawski and Bick
(2017) point out that the core challenge of digital and intelligent transformation lies not in
technological trends or disruptive innovations, but in aligning organizational culture, cognitive
patterns, and core competencies with digital work practices. This transformation must be
employee-centric, with a particular focus on enhancing digital literacy. Otherwise, employees
may face significant adaptation and survival pressures (Khan & Vuopala, 2019). Companies
are increasingly recognizing that employee digital literacy has become a key factor in the
success of digital and intelligent transformation and the enhancement of competitiveness
(Nikou et al., 2022). Also, Maddikunta et al. (2022) emphasize that Industry 5.0 requires the
development of a composite talent pool that combines cutting-edge digital intelligence
technologies skills with deep technical understanding.

Cetindamar et al. (2021) pointed out that digital literacy, as a precursor to employee
cognitive behavior, has a positive relationship with the willingness to adopt cloud technology.
Nikou et al. (2022) revealed that digital literacy not only directly shapes employees’perceived
ease of use of technologies, but also indirectly strengthens their intention to adopt digital
tools by influencing their attitudes. Regarding the generative mechanisms of innovative
behavior, Pilav-Veli¢ et al. (2021) confirmed that digital literacy drives employees’ sustained
engagement in opportunity identification, idea generation, and implementation through the
mediating effects of digital practices and attitudes toward digital innovation. Huu (2023)
highlighted that employees’digital literacy, particularly digital competence and autonomy,
has a significant positive influence on their engagement in innovative work behavior. Drawing
on a systematic review, Caroline et al. (2025) affirmed a close association between digital
literacy, employability, and innovative work behavior. However, some scholars have pointed
out that future research still needs to conduct more studies to examine the relationship
between employees’ digital literacy and innovative work behavior, as well as their underlying
mechanisms, across different industries and contexts (Caroline et al., 2025; Huu, 2023).
Furthermore, no studies have yet conducted empirical research on the relationship between
employees’digital literacy and their IJP in the context of digital transformation in SRDI “little
giant” companies. Therefore, this study holds significant theoretical and practical
implications.

Job Crafting

In today’s increasingly complex and continuously evolving organisational context, job
crafting has gradually emerged as a critical managerial approach for addressing external
uncertainties and internal adaptability challenges (Brenninkmeijer & Hekkert-Koning, 2015).
At its core, job crafting involves employees’ rapid and proactive adaptation to their work
environments, and it is widely recognized as a key driver of organizational sustainability.
Empirical evidence suggests that job crafting serves as a crucial mediating mechanism linking
individual cognition, competencies, and perceived organizational support to innovation
performance (He et al., 2023; Nikou et al.,, 2022; Tomas et al., 2023; Zhu et al., 2022).
Especially in the context of Industry 5.0 and the acceleration of digital transformation,
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complex environments and diverse tasks require employees to adapt flexibly through job
crafting (Klus & Miiller, 2021; Zhu et al., 2022).

Recent scholarship distinguishes two outcome-oriented forms of job crafting:
promotion-focused (expanding and optimizing work) job crafting and prevention-focused
(avoiding potential risks) job crafting, aimed at mitigating potential risks, together illustrating
its dual-edged nature (Bindl et al., 2019; Cheng et al., 2023; Mo et al., 2024; Wang et al., 2025).

Huang and Li (2025) emphasized that digital literacy, as a key condition for employees
to master digital tools and cope with tasks, was an important foundation for effective job
crafting to cope with the cognitive and technical demands of digital work. Tomas et al. (2023)
confirmed that employee job crafting and innovative job behaviors exhibit a dynamic
reciprocal relationship, with resource acquisition and innovative performance mutually
reinforcing each other. In digital and intelligent context, research indicates that digital literacy
and challenging evaluations of artificial intelligence can enhance performance through job
crafting, while hindering evaluations and insecurity lead to decreased performance (He et al.,
2023; Nikou et al.,, 2022).However, the distinction and empirical evidence regarding
promotive and preventive job crafting remain in the exploratory stage (Bindl et al., 2019; Gui
et al.,, 2024). In summary, this study will combine JD-R model to further examine the
mechanisms underlying the roles of promotion-focused and prevetion-focused job crafting
between digital literacy and IJP.

Hypothesis Development
Digital Literacy and lJP

Digital literacy Refers to individuals’ capability to proficiently use information and
communication technology, accurately obtain the information they need, and effectively
analyse and apply it to meet the demands of work and study (Nikou et al., 2022). Digital
literacy functions as both a personal trait resource and an energy resource, enabling precise
opportunity recognition, effective problem solving and the reinforcement of goal-directed
behaviors (Halbesleben et al., 2014).

Extensive empirical research confirms the positive impact of digital literacy on 1JP.
Nikou et al. (2022) demonstrate that digital literacy not only directly enhances perceived ease
of use of digital technologies but also, via attitude improvement, indirectly fosters the
adoption and innovative application of emerging digital tools. Huu (2023) in a systematic
review, finds that digital capability and autonomy significantly bolster innovative work
behaviors. Santoso et al. (2019) validate the positive moderating role of digital literacy on the
relationship between innovative behaviors and performance within the Indonesian
telecommunications sector. Zahoor et al. (2023) show that, in UAE SMEs, managerial digital
literacy effectively drives organisational innovation and performance.

Accordingly, in SRDI “little giant” companies, employees with high digital literacy will
be able to skilfully utilise digital tools for research and development, efficiently gather and
analyse information, markedly enhancing their innovation performance. Therefore, the
following hypothesis is proposed:

H1: Digital literacy is positively associated with 1JP.
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Digital Literacy and Job Crafting

The JD-R model pointed out that, as a core personal resource, digital literacy not only
motivated employees intrinsically but also significantly enhanced their emotional
commitment and work engagement (Bakker et al., 2023; Bakker & Xanthopoulou, 2013).

In empirical research, Huu (2023) found that employees with high digital literacy were
more likely to proactively use digital tools for knowledge acquisition and information
integration. Caroline et al. (2025) also noted that employees with high digital literacy perform
better in adapting to emerging technologies, coping with flexible work arrangements, and
team communication and knowledge sharing. Huang and Li (2025) argued that digital literacy
was a key prerequisite for employees to implement effective job crafting to meet digital task
requirements: employees with high digital literacy were more capable and confident in
adopting a ProJC to access more resources. Conversely, employees with lower digital literacy
may be more inclined to adopt a PrelC to avoid resource depletion and potential risks.

It can be inferred that, in the context of SRDI “little giant” companies, employees with
high digital literacy are more likely to adopt ProJC. Conversely, they may tend to adopt PrelC.
Therefore, the following hypotheses are proposed:

H2: Digital literacy is positively associated with ProJC.
H3: Digital literacy is negatively associated with PrelC.

Job Crafting and 1JP

In the JD-R model, job resources are regarded as key elements in the process of
motivating employees, enhancing work engagement and positive emotional experiences,
thereby directly improving employee performance (Bakker & Demerouti, 2007). As a critical
output of knowledge intensive tasks, innovative performance particularly depends on
employees utilizing additional resources to engage in creative endeavours and take on certain
risks (Tims & Bakker, 2010).

In empirical research, through a study based on a Belgian sample, Tomas et al. (2023)
found that there was a dynamic reciprocal relationship between employees’job redesign
behaviors and innovative work behaviors: more job resources and development
opportunities can stimulate employees’ sustained innovative behaviors, and vice versa. Dar
et al. (2023) further noted that employees with higher levels of autonomy and structural
design capabilities were more likely to exhibit innovative tendencies. However, current
research on the relationship between job crafting and employee innovation had largely failed
to distinguish between promotion-focused and prevention-focused crafting pathways, and
lacks empirical validation (Bindl et al., 2019; Gui et al., 2024). Gui et al. (2024) only
theoretically proposed that promotion-focused human-machine job crafting could positively
influence employee innovation performance, while prevention-focused human-machine job
crafting might have a negative impact on employee innovation performance.

Based on this, in the context of SRDI “little giant” companies, this study proposed that
employees adopting ProJC can help improve their innovation performance. Conversely,
implementing PreJC might inhibit their innovation performance to a certain extent.
Therefore, the following hypotheses are proposed:

H4: ProlJC is positively associated with 1JP.
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H5: PreJCis negatively associated with 1JP.

The Mediating Role of Job Crafting in the Relationship between Digital Literacy and IJP

Huang and Li (2025) found that employees with high digital literacy were more capable
and confident in undertaking ProJC to obtain more resources, while those with low digital
literacy may be more inclined to adopt PrelC to avoid resource depletion and potential risks.
Through empirical research, Nikou et al. (2022) proposed that digital literacy can indirectly
enhance work efficiency by positively influencing employee attitudes and behaviors. Huu
(2023) further proposes that employees with high digital literacy are more likely to proactively
use digital tools for knowledge acquisition and information integration, thereby significantly
enhancing their innovative work behavior. However, current research on the relationship
between job crafting and employee innovation often fails to distinguish between these two
pathways and lacks empirical testing of their underlying mechanisms (Bindl et al., 2019; Gui
et al., 2024).

Based on this, drawing on the JD-R model's “dual-path” hypotheses, this study
proposed that among SRDI “little giant” companies, ProJC plays a positive mediating role
between employees’ digital literacy and IJP, while PreJC may play a negative mediating role
between the variables. Therefore, the following hypotheses are proposed:

H6: ProJC mediates the relationship between digital literacy and 1JP.
H7: PreJC mediates the relationship between digital literacy and 1JP.

Figurel presents the conceptual framework that forms the theoretical foundation of this
study.

Job Crafting
H6

/ Promotion-focused Job Crafting

Prevention-focused Job Craftin
/7 s \
H3 H5
H7 Innovative Job
Hl Performance

>

Digital Literacy

Note: H6, H7 represent mediating hypotheses.
Figure 1 Research Model

Research Methodology

Research Context

This study focuses on STTs within SRDI “little giant” companies. This group exhibits the
following characteristics: Firstly, these companies are at a critical stage of digital
transformation and independent innovation, where STTs play a central role in knowledge
conversion and technological breakthroughs. Secondly, with relatively compact company
scales and flexible organizational structures, STTs often juggle both R&D and innovation tasks,
thereby better highlighting the role of digital literacy in driving innovation performance.
Thirdly, the Chinese government’s ongoing policy support for “little giant” companies subjects
their STTs to significant resource pressures and environmental challenges in practice. Related
research indicates that the innovation capabilities of SRDI “little giant” companies primarily
stem from STTs, including R&D personnel, designers, and highly skilled workers (Li & Yao,
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2024; Sullivan, 2024). Therefore, this study focuses on exploring how the digital literacy of
this group shapes innovation job performance through both ProJC and PrelC, holding
significant theoretical value and practical implications.

Research Instruments

This survey consisted three parts: preliminary screening items, measurement of core
constructs, and collection of demographic information. To ensure scientific validity and
reliability of the measurement, the study employed established scale items from existing
literature. 1JP was assessed using a seven-point likert scale ranging from one= “never” to
seven= “always”, whereas all other variables were measured on five-point likert scales
ranging from “strongly disagree” to “strongly agree”. 1JP was operationalized through nine
items which were adapted from Janssen and Van Yperen (2004). The measurement of digital
literacy was adapted from a ten-item scale described by Nikou et al. (2022). This study
adopted the 16-item scale from Mo et al. (2024) to measure ProJC, while adopting the 12-
item scale from Mo et al. (2024) to measure PrelC. To ensure the quality of the questionnaire,
we incorporated feedback from two academic experts in management and six industry
practitioners during a pre-test phase. Their evaluations informed several revisions to the
measurement items. In addition, a back-translation procedure was conducted to ensure
equivalence between the English and Chinese versions of the instrument (Brislin, 1986). Then,
a subsequent pilot test with 35 participants confirmed the instrument’s reliability, as all
Cronbach’s alpha values exceeded the recommended threshold of 0.7 (Hair et al., 2021).

Data Collection

This study gathered data via an online survey administered to participants, a method widely
recognized for its efficiency in gathering large-scale quantitative data. Compared with
traditional paper-based surveys, online questionnaires reduce costs, improve response rates,
and allow researchers to access geographically dispersed samples within shorter timeframes,
while providing respondents the flexibility to fill out the questionnaire independently and
without time constraints (Bougie & Sekaran, 2019; Descamps et al., 2023). Data collection
methods consisted of several rigorously implemented steps. At first, we conducted systematic
guestionnaire design to ensure measured content effectively reflects research objectives.
Subsequently, pre-testing was performed to verify the instrument’s reliability and validity,
with structural and item refinements made accordingly. Finally, the formal questionnaire
distribution and retrieval were completed via the third-party platform “Wen Juan Xing”
(https://www.wjx.cn/). This online system streamlined data collection while ensuring a
secure and efficient process for participant engagement. This series of standardized
procedures was crucial for ensuring data robustness and integrity.

This study adopted a purposive non-probability sampling approach. Given the lack of
comprehensive data and lists of STTs in SRDI “little giant” companies, this strategy enhanced
both sample representativeness and data consistency. Sampling was conducted along two
dimensions, regional distribution and job position. Regionally, the Yangtze River Delta, where
“little giant” companies are most concentrated, was prioritized. Job position, ensuring
including R&D personnel, engineering designers and experimental testers, who together
constitute the core STTs of these companies. Prior to questionnaire completion, all
respondents were informed of the study objectives and key variable definitions. Eligibility was
determined through screening questions, with only qualified individuals incorporated into the
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final sample. Ultimately, 692 valid responses were collected for subsequent multivariate
analyses. The specific demographic characteristics of the respondents are shown in Table 1.

Table 1
Sample Demographics (N=692).
Category Item Frequency Percentage (%)
Gender Male 434 62.7%
Female 258 37.3%
Age 20-30 (inclusive) 99 14.3%
30-35 (inclusive) 273 39.5%
35-40 (inclusive) 230 33.2%
40-50 (inclusive) 84 12.1%
Above 50 6 0.9%
Education Associate degree or below 73 10.5%
Level Bachelor 271 39.2%
Master 254 36.7%
Doctor 94 13.6%
Job level General Employee 500 72.3%
Frontline Manager 91 13.2%
Departmental Manager 89 12.9%
Senior Manager 12 1.7%
Findings

To evaluate both the measurement and structural models, this study employed Partial Least
Squares (PLS) modeling techniques, utilizing Smart-PLS version 4.1.1 as the statistical analysis
tool (Sarstedt et al., 2020). The reason why chose it is that it offers a user-friendly interface,
is widely applied in both explanatory and predictive analyses, and does not necessitate an
assumption of normality (Hair Jr et al., 2019; Sarstedt et al., 2020; Wijayanti, 2025).

Common Method Variance

Cross-sectional data gathered from one source covering a range of variables carries the
potential risk of Common Method Variance (CMV), making it crucial to examine CMV. This
study employed a marker variable (MV) technique to control for the influence of CMV (Lindell
& Whitney, 2001; Podsakoff et al., 2003). Incorporating the marker variable into the model
did not significantly alter the R? and B values of the endogenous constructs (A< 0.10), as
shown in Table 2. These results confirm the absence of CMV risk in this study.

Table 2
CMV Testing with MV
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Endogenous variable R? without MV R? with MV B without MV B with MV
ProJC 0.438 0.451 0.189 0.198
PrelC 0.308 0.308 -0.249 -0.240

1JP 0.546 0.542

Note: ProJC=Promotion-focused Job Crafting, PrelC=Prevention-focused Job Crafting,
IJP=Innovative Job Performance.

Measurement Model Assessment

When assessing the measurement model, we followed the criteria proposed by Ramayah et
al. (2018) and Hair et al. (2023), carefully examining outer loadings, average variance
extracted (AVE), and composite reliability (CR). Specifically, loadings > 0.50 are regarded as
acceptable, AVE values > 0.50 indicate sufficient convergent validity, and CR values > 0.70
demonstrate adequate reliability. As shown in Table 3, all of outer loadings and AVE values
exceeded the 0.50 threshold, while all CR values were above 0.70. Subsequently, discriminant
validity was assessed using Heterotrait-Monotrait ratio (HTMT) criterion (Hair et al., 2023). A
more conservative cut-off of < 0.85 was applied, and, as presented in Table 4, all HTMT values
satisfied this stricter requirement. Overall, these results confirm that the measurement items
exhibit both reliability and validity.

Table 3
Measurement Model

Variable Item Loadings CR AVE

1JP JP1 0.82 0.936 0.66
1JP2 0.81
JP3 0.81
1JP4 0.821
1JP5 0.811
1JP6 0.823
P7 0.798
1JP8 0.815
1JP9 0.802

DL DL1 0.826 0.947 0.674
DL2 0.823
DL3 0.812
DL4 0.824
DL5 0.802
DL6 0.833
DL7 0.816
DL8 0.838
DL9 0.815
DL10 0.823

ProlJC ProJC1 0.792 0.959 0.618
ProJC2 0.778
ProJC3 0.8
ProJC4 0.769
ProJC5 0.788
ProJC6 0.79
ProJC7 0.787
ProJC8 0.78
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Variable Item Loadings CR AVE
ProJC9 0.775
ProJC10 0.798
ProJC11 0.783
ProJC12 0.778
ProJC13 0.778
ProJC14 0.818
ProJC15 0.778
ProJC16 0.784

PrelC PrelC1 0.805 0.948 0.632
PreJC2 0.776
PrelC3 0.796
PrelJC4 0.788
PrelC5 0.786
PrelC6 0.8
PrelC7 0.805
PrelC8 0.796
PrelC9 0.792
PrelC10 0.799
PreJC11 0.794
PrelC12 0.801

Note: IJP=Innovative Job Performance, DL=Digital Literacy, ProJC=Promotion-focused Job
Crafting, PreJC=Prevention-focused Job Crafting.

Table 4
Discriminant Validity (HTMT ratio).
Variable DL 1] PrelC ProlJC
DL
1JP 0.551
PrelC 0.461 0.499
ProJC 0.538 0.509 0.313

Note: IJP=Innovative Job Performance, DL=Digital Literacy, ProJC=Promotion-focused Job
Crafting, PreJC=Prevention-focused Job Crafting.

Structural Model Assessment

Following the methodological guidelines of Kline (2023) and Cain et al. (2017), we examined
the collected data for multivariate skewness and kurtosis. The analysis revealed deviations
from multivariate normality, as indicated by Mardia’s multivariate skewness (B =4.885, p<
0.01) and kurtosis (B = 81.540, p>0.01). In response, consistent with the guidelines of Hair
et al. (2019), the structural model’s path coefficients, standard errors, t-values, and p-values
were estimated using a bootstrapping procedure with 5,000 resamples (Hair et al., 2019;
Ramayah et al., 2018). In addition, acknowledging Hahn and Ang (2017) critique concerning
excessive reliance on p-values, this study employed a more integrative inferential approach
combining p-values, confidence intervals, and effect sizes. Table 5 presents a summary of the
methodological procedures adopted to ensure rigor in testing the proposed hypotheses.

Table 5
Hypothesis Testing Direct Effects
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Hypo-thesis Relationship Std Beta Std Error t-values p-values BCI-LL BCI-UL f?

H1 DL->lJP 0.145 0.040 3.622 0.000 0.064 0.221 0.025
H2 DL -> ProlC 0.329 0.034 9.620 0.000 0.261 0.396 0.149
H3 DL -> PrelC -0.265 0.038 6.893 0.000 -0.336 -0.185 0.078
H4 ProJC-> P 0.189 0.041 4.641 0.000 0.112 0.271 0.039
H5 PreJC-> lJP -0.249 0.035 7.049 0.000 -0.317 -0.181 0.093

Note: IJP=Innovative Job Performance, DL=Digital Literacy, ProJC=Promotion-focused Job
Crafting, PreJC=Prevention-focused Job Crafting.

Firstly, the effects of the predictors on ProJC and PreJC were examined. The analysis produced
R?values of 0.438 and 0.308. These results indicate that the predictors collectively explained
43.8% and 30.8% of the variance in ProJC and PrelC. Digital literacy (B = 0.145, p< 0.01)
showed a positive effect on IJP, thereby supporting H1. Moreover, digital literacy (f=0.329,
p<0.01) exhibited a positive relationship with ProJC, while digital literacy (B=-0.265, p<0.01)
demonstrated a negative relationship with PrelC, thereby supporting H2 and H3. In addition,
ProJC (B =0.189, p< 0.01)and PrelC (B =-0.249, p< 0.01) were both significantly related to IJP,
confirming H4 and H5.

To test the mediation hypotheses, this study adhered to the procedures recommended by
Hayes (2009), utilizing a bootstrapping approach to assess indirect effects. Mediation is
considered significant when the corresponding confidence interval excludes zero. As shown
in Table 6, the indirect mechanisms DL->ProJC->I1JP (=0.062, p< 0.05) and DL->PrelJC->lJP (B
= 0.066, p< 0.05) were both statistically significant. Furthermore, The 97.5% adjusted
confidence intervals with bias correction excluded zero, providing additional support for
these effects. Accordingly, both H6 and H7 were supported.

Table 6

Hypotheses Testing Direct Effects
Hypo-theses Relationship Std Beta Std Error t-values p-values BCI-LL BCI-UL
H6 DL->ProJC->IJP 0.062 0.016 3.998 0.000 0.035 0.097
H7 DL->PreJC->lJP 0.066 0.014 4.549 0.000 0.039 0.097

Note: IJP=Innovative Job Performance, DL=Digital Literacy, ProJC=Promotion-focused Job
Crafting, PreJC=Prevention-focused Job Crafting.

Furthermore, in line with the guidelines proposed by Shmueli et al. (2019), the PLS-Predict
procedure was utilized to evaluate the model’s predictive capability. This technique employs
a holdout sample approach to generate case-level predictions for both indicators and latent
constructs, using the PLS-Predict algorithm with a 10-fold cross-validation process to evaluate
predictive relevance. As noted by Shmueli et al. (2019), predictive power is determined by
Q?predict and comparing the prediction errors between the PLS model and a linear model (LM).
When Q%predict > 0, all PLS item errors are smaller than those of the LM, the model
demonstrates strong predictive power; if most are smaller, predictive power is moderate; and
if most are larger, predictive relevance is weak. As shown in Table 7, Q%predict =0, all root mean
square errors (RMSE) derived from the PLS model were lower than those obtained from the
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LM benchmark, indicating that the proposed model demonstrates robust out-of-sample
predictive capability.

Table 7

PLS-Predict
Item Q2predict PLS_RMSE LM_RMSE PLS-LM
1JP1 0.288 0.901 0.921 -0.020
1JP2 0.284 0.843 0.852 -0.009
1JP3 0.285 0.826 0.844 -0.018
1JP4 0.296 0.879 0.902 -0.023
1JP5 0.278 0.723 0.732 -0.009
1JP6 0.279 0.816 0.819 -0.003
JP7 0.278 0.862 0.875 -0.013
1JP8 0.299 0.737 0.741 -0.004
1JP9 0.271 0.83 0.843 -0.013

Discussion and Conclusion

This study systematically examines the mediating effects of both ProJC and PreJC on the
relationship between digital literacy and IJP, grounded in the JD-R model. Results indicate that
digital literacy has a significant positive effect on IJP, digital literacy significantly enhances
ProJC while markedly inhibiting PreJC tendencies, ProJC further elevates 1JP, whereas PrelC
exerts a negative impact on IJP, both mediation pathways achieve statistical significance.
Additionally, PLS-Predict results demonstrate the model's robust out-of-sample predictive
capability, indicating strong robustness and external validity. These findings align closely with
recent empirical research on the digital literacy, innovative behavior and performance
continuum, in which digital literacy enhances individuals’ ability to identify opportunities,
integrate information, and reorganize knowledge in digital contexts, thereby boosting
innovative outputs (Zahoor et al., 2023). Concurrently, a positive feedback loop emerges
between job crafting and innovative behavior (Tomas et al., 2023), as individuals proactively
shape task and resource boundaries to achieve dynamic alignment between person, role, and
resources, thereby stimulating creativity and intrinsic motivation(Zhu et al., 2022). In
summary, digital literacy enhances innovative job performance through a dual mechanism of
reducing impeding demands and increasing resource supply endowments, further validating
the explanatory power and applicability of JD-R model in the digital era.

Theoretical Implications

Firstly, this study defines digital literacy as a core individual resource and systematically
integrates it into the JD-R model. This approach addresses the resource transmission logic of
digital competence, motivation and performance enhancement, thereby expanding the
explanatory scope of individual resources for innovative job performance. Secondly, the study
refines the construct of job crafting through a dual-dimensional perspective of promotion-
focused and prevention-focused approaches. It reveals significant differences in the influence
mechanisms and directional effects between the resource expansion pathway (ProJC) and the
obstacle avoidance pathway (PrelJC), demonstrating opposite-signed mediating effects. This
deepens the intrinsic mechanism underlying the job crafting and innovation performance
relationship. Thirdly, by sampling STTs from SRDI “little giant” companies, this study enhances
the contextual external validity of research on digital literacy and innovative job performance.
Through out-of-sample predictive analysis to validate the model's robustness and explanatory
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power, it further elevates the theoretical universality and practical applicability of the findings,
offering new analytical perspectives and empirical evidence for human resource management
research in the digital era.

Practical and Social Implications

For companies, digital literacy should be regarded as a core area for strategic human capital
investment, with systematic planning of digital capability development pathways. Companies
can implement tiered, role-specific training systems centered on key competency modules
such as data analysis, digital collaboration, and intelligent tool application to continuously
enhance employees’resource integration capabilities and self-efficacy. Simultaneously, they
should redesign roles and processes to optimize task structures, expand access to challenging
and growth-oriented resources, and incentivize STTs to engage in ProJC. By reducing process
burdens, building digital support systems, and fostering psychological safety, organizations
can effectively mitigate triggers for PrelC, thereby enhancing innovation resilience and vitality.
For governments, it is recommended to embed a coordinated cultivation mechanism, digital
literacy, job crafting and innovative job performance, into STTs development programs for
SRDI “little giant” companies, thereby establishing a composite STTs cultivation system suited
to the digital era. By strengthening the dynamic synergy among technology, organization and
talents, this approach builds an innovation ecosystem grounded in digital literacy and driven
by job crafting. This will foster continuous enhancement of company innovation capabilities,
propelling a comprehensive leap in regional industrial competitiveness and social innovation
capacity.

Limitations and Suggestions for Future Research

Although this research contributes significantly to both theoretical enrichment and practical
relevance, several limitations must be acknowledged. These shortcomings also provide
directions and opportunities for future research. Primarily, the sample scope has certain
limitations. This study focuses on STTs from SRDI “little giant” companies in China’s Yangtze
River Delta region. While this sample is highly representative in terms of digitalization and
innovation capabilities, its geographical and industry-specific characteristics somewhat limit
the external validity of the findings. Future research could expand the sample to include
different regions and industries, such as advanced manufacturing, modern services, and
research institutions, to test the robustness and universality of the research model across
cultural, industrial, and organizational contexts.

Moreover, the variable constructs are relatively singular. This study primarily examines the
overall level of digital literacy without delving into its multidimensional structure, such as
cognitive, technical, and social dimensions. Subsequent research could refine these
constructs and introduce moderating variables like digital leadership, psychological safety
climate, or organizational learning culture to reveal interactions among dimensions and their
distinct pathways in shaping innovation performance.

Additionally, data and methodology face certain limitations. The cross-sectional self-report
guestionnaire design provides empirical support for the theoretical model but remains
subject to CMV and limitations in causal inference. Future investigations should implement
longitudinal or multi-informant data gathering techniques, integrating emerging analytical
techniques like hierarchical structural equation modeling and machine learning to capture
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dynamic interactions and temporal evolution across individual, team, and organizational
levels. This approach will systematically reveal the complexity and developmental patterns of
digital literacy's operational mechanisms.
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