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Abstract
Digital technologies have become an integral part of language learning. However, access to social media
and artificial intelligence (AI) tools does not necessarily result in meaningful educational benefits. This
study examined whether digital literacy helps explain how English-learning-related social media and AI-
tool use are associated with meaningful English learning among Chinese undergraduates. Two
complementary dimensions of meaningful learning were measured: language-learning strategies (how
learners regulate and manage learning) and English-learning motivation (the direction and persistence of
effort). The primary analytical dataset comprised N = 600 undergraduates and responses to 64
substantive questionnaire items. Cronbach's alphas for all five scales were good (α = .934-.967). The use
of social media was highly correlated with learning strategies (r = .598, p < .001), and the use of AI tools
was correlated with motivation (r = .570, p < .001), which were both statistically significant after
adjustment for gender, academic year, major, self-rated English proficiency, and prior digital/AI training.
The use of social media and the use of AI tools had statistically significant indirect associations with
motivation. However, none of the hypothesised moderation effects were significant, suggesting that
digital literacy did not consistently enhance the technology-to-strategy relationships. The high-digital-
literacy students also reported significantly higher strategy use and motivation than did the low-digital-
literacy students. The findings support a capability-led approach to technology-enhanced English
learning, suggesting that digital literacy primarily strengthens learners' strategic and motivational use of
digital tools rather than acting as a universal moderator of the relationship between technology use and
learning strategies.

1. Introduction
Social media and AI tools have transformed the ecology of English language acquisition by expanding
the contexts in which Chinese undergraduates can encounter, process, practise, and receive feedback on
English beyond the classroom. Through short-form videos, messaging groups, online communities,
translation systems, writing assistants, language-learning applications, and conversational AI, learners
can access diverse forms of English input and engage in self-directed language-learning activities with
varying degrees of interaction and support. These digital micro-contexts create opportunities for
exposure to authentic language use and for receiving immediate, personalised assistance that may be
less readily available within conventional teacher-led instruction (Li et al., 2021; Qiao & Zhao, 2023).
Consequently, rather than replacing classroom-based learning, digital environments can complement
formal instruction by extending Chinese undergraduates' access to authentic English input, interactive
practice, and personalised language support across contexts and learning activities (Wang et al., 2023).

The educational implications of digital technologies need to be understood in relation to their distinct
affordances and the way they shape students' experiences of English learning. This distinction is
particularly important when considering social media and artificial intelligence (AI), neither of which was
originally designed as a conventional educational technology. Social media is primarily a communication
and content-circulation environment that facilitates entertainment, social interaction, and community
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participation; consequently, English learning through these platforms is often incidental and informal
rather than deliberately instructional. Although such engagement can provide valuable opportunities for
authentic language exposure and interaction, it may also contribute to distraction, fragmented attention,
and less sustained engagement with learning tasks (Kaplan & Haenlein, 2010; Pérez-Juárez et al., 2023).
AI, by contrast, can provide more direct and adaptive forms of learning support, including text translation,
personalised practice, automated feedback, writing assistance, pronunciation support, and simulated
dialogue. These capabilities offer considerable potential for enhancing English learning; however,
excessive reliance on AI or uncritical acceptance of its outputs may undermine learners' active
engagement in monitoring and evaluating their language use. In particular, when students accept AI-
generated language without critically reviewing its accuracy, appropriateness, or contextual relevance,
the technology may reduce the metacognitive processes underlying effective language learning (Dwivedi
et al., 2023; Hwang et al., 2020; Zawacki-Richter et al., 2019; Wang et al., 2024).

Digital literacy provides a useful framework for connecting these diverse technologies and
understanding how learners engage with them for educational purposes. It extends beyond the technical
ability to operate digital tools to encompass the capacity to locate and access information, analyse and
evaluate its quality, and use digital resources in ways that support learning goals. Digital literacy also
involves the ability to troubleshoot problems, organise digital resources, collaborate appropriately,
protect privacy, and engage with digital environments critically and purposefully (Putri, 2021; Ng, 2012).
Consequently, learners who can launch an application or navigate a digital platform may not necessarily
possess the evaluative and regulatory competencies required to assess the quality of feedback, regulate
their attention, or determine whether a particular digital resource meaningfully contributes to learning.
This distinction is particularly important when examining the educational value of technology, because
meaningful learning depends not simply on access to digital tools but on learners' capacity to use them
strategically and purposefully.

The present study examines two complementary indicators of meaningful English learning: language
learning strategies and motivation. Language learning strategies refer to the cognitive and behavioural
activities learners employ to facilitate and regulate their learning, encompassing cognitive,
metacognitive, memory, compensation, affective, social, and digital strategies (Oxford, 1990; Oxford,
2017). In English as a Foreign Language (EFL) contexts, where opportunities for sustained exposure to
the target language may be limited, motivation is particularly important because it influences learners'
willingness to initiate, sustain, and invest effort in learning activities. Examining these constructs
together is essential as strategies indicate how learners engage with and manage their learning, whereas
motivation helps explain why they initiate and sustain that engagement. Their joint examination therefore
provides a more comprehensive account of technology-supported English learning than either construct
considered in isolation.

Existing studies have established important relationships between social media use and informal
English learning, AI-supported feedback and learner engagement, and digital literacy and educational
technology use (Guan et al., 2025; Chowdhury & Begum, 2025; Liang et al., 2024). However, these
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strands of evidence remain fragmented, as students' use of social media, engagement with AI tools,
digital literacy, and application of learning strategies are frequently examined as separate phenomena.
This fragmentation limits understanding of how these forms of digital engagement interact and, more
importantly, why students operating within the same educational context may derive different learning
benefits from similar digital technologies. This gap is particularly salient in regional Chinese higher
education contexts, where institutional environments, learner characteristics, and access to digital
resources may differ from those of the metropolitan and elite universities that have received greater
attention in existing research. Against this background, the present study explores: To what extent does
digital literacy explain the process through which social media and AI tool use are translated into
strategically managed English learning practices and sustained by students' motivation?

Research questions and hypotheses

RQ1: What is the relationship between English-learning-related social media use and students'
language-learning strategies? H1: Social media use is positively associated with language-learning
strategies.

RQ2: What is the relationship between AI-tool use and students' English-learning motivation? H2: AI-
tool use is positively associated with motivation.

RQ3: To what extent does digital literacy statistically mediate and moderate the relationships between
digital-tool use and learning outcomes? H3a: Digital literacy carries significant indirect associations
from social media use and AI-tool use to motivation. H3b: Digital literacy moderates the
associations between social media use and language-learning strategies and between AI-tool use
and language-learning strategies.

RQ4: Do learning strategies and motivation differ between prespecified low- and high-digital-literacy
groups? H4: The combined profile of strategies and motivation differs significantly between the two
groups.

Practical objective: To derive context-specific recommendations for integrating digital tools into English
language education for learners with different levels of digital literacy.

2. Literature Review and Theoretical Framework

2.1 Digital literacy as an educational capability
Digital literacy has evolved from basic computer skills into a multifaceted construct encompassing
technical, cognitive, critical, social, and ethical capabilities. Putri (2021) highlighted the spectrum of
skills required to navigate the digital world, while Rioseco-Pais et al. (2024) showed that even students
commonly regarded as 'digital natives' may require explicit development of digital competence. This
broader conceptualisation is particularly relevant to language learning, where learners encounter
extensive multimodal information, evaluate its reliability and authority, manage online identities and
privacy, and determine how digital tools can be integrated into their L2 learning processes (Apoko &
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Waluyo, 2025). Digital literacy therefore extends beyond technological access and can be understood
through three interlocking dimensions: operational, referring to the technical ability to use devices and
platforms; informational–critical, involving the ability to locate, evaluate, and verify content; and social,
encompassing appropriate communication and collaboration in digital spaces (Martínez-Bravo et al.,
2022; Deschênes, 2024). These dimensions do not develop uniformly: a learner may be operationally
proficient with an application yet critically unprepared to evaluate the accuracy of its outputs. This
tension becomes particularly salient in AI-mediated learning.

The distinction is particularly important in the context of AI-aided learning. As Venetsanos (2026) notes,
AI-generated explanations and corrections may appear fluent and authoritative despite being
unsupported, inappropriate, or incorrect. Learners therefore need evaluative judgment to compare AI
outputs with reliable sources, recognise uncertainty, maintain authorship, and determine when human
feedback is necessary. This requires not only competence in using AI systems but also the capacity to
make informed decisions about their use. Research on AI-assisted English learning similarly suggests
that learner autonomy, rather than dependence, depends on the degree of learner agency and how AI is
used in the learning process (Guan et al., 2025; Liang et al., 2024).

2.2 Social Media and Language-learning Strategies
Social media provides an informal learning context characterised by user-generated content, interaction,
multimodality, and networked participation (Kaplan & Haenlein, 2010). These affordances can support
language learning through repeated exposure to authentic English, peer explanation, resource sharing,
vocabulary noticing, pronunciation modelling, and low-stakes language production. Accordingly, research
on Web 2.0 and second-language learning has emphasised the value of interactive digital spaces and
meaningful practice, where learners move beyond passive spectatorship to become active participants.
Chinese platforms further provide context-specific opportunities; for example, WeChat-based learning
enables vocabulary practice and peer exchange beyond the classroom (Li et al., 2021; Genç &
Kırmızıbayrak, 2024). Similarly, short-video platforms such as Douyin/TikTok can support incidental
vocabulary acquisition and pronunciation modelling through repeated, algorithmically curated exposure
to authentic speech (Sely & Priyatmojo, 2026). Compared with more Western-centric platforms such as
Instagram and YouTube, where exposure may be more learner-directed, these differences suggest that
the strategic value of social media depends not only on the language content available but also on the
platform's underlying design and algorithmic logic.

The educational value of social media depends not simply on its availability, but on the strategies and
purposes that shape its use in language learning (Bui et al., 2023). An English video, for instance, may
function as incidental entertainment or support purposeful listening, vocabulary reinforcement, and
metacognitive monitoring. Similarly, messaging groups can foster social strategies and initiatives while
also creating distractions (Chowdhury & Begum, 2025). Such variation highlights the relevance of digital
literacy to social media learning, particularly in selecting beneficial tools, regulating attention, evaluating
information, and directing informal interactions towards formal learning goals. Digital literacy therefore
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serves as a critical bridge between the potential affordances of digital tools and their responsible,
purposeful use for language learning.

2.3 AI tool use and English-learning motivation
Language learning applications incorporating AI include translation systems, automated writing
assessment, adaptive learning applications, speech recognition, intelligent tutoring systems, and
conversational agents (Zhang et al., 2024). Across these applications, key educational benefits include
speed, personalisation, repeated exposure, and immediate feedback (Hwang et al., 2020; Ouyang & Jiao,
2021; Woo & Choi, 2021). In Chinese EFL contexts, AI-powered tools can expand opportunities for
speaking and writing while supporting self-regulated learning (Qiao & Zhao, 2023). Such "just-in-time"
feedback can reduce the perceived cost of experimentation, allowing learners to identify and address
errors while experiencing a sense of progress, which may, in turn, strengthen motivation.

Novelty and automation, however, do not guarantee motivational value. In the early stages, students may
be attracted to AI applications because of their convenience or novelty without developing sustained
learning engagement. Although quick fixes can support competence development, overreliance may
diminish reflection and learner ownership (Sun, 2023). Research on AI applications in English writing and
chatbots similarly highlights a tension between increased confidence and the need for critical,
pedagogically structured use (Liang et al., 2024; Jingyi & Nasri, 2025). Thus, understanding AI's
transformative potential in education requires moving beyond surface-level automation towards
intentionally scaffolded pedagogical frameworks that leverage technological efficacy without
compromising the critical reflection, cognitive friction, and learner autonomy essential for deep
intellectual development.

2.4 Learning Strategies and Motivation as Complementary
Outcomes
Language-learning strategies are purposeful actions through which learners coordinate and rehearse,
monitor and adjust, regulate emotions, engage socially, and increasingly use digital tools to support
language learning (Oxford, 1990; Zhang, 2025). These strategies function as dynamic, self-regulatory
mechanisms that enable learners to intentionally manage their cognitive processing, navigate linguistic
ambiguity, and optimise input across varying instructional settings. However, digital and AI-mediated
environments intersect with these strategies unevenly. They can automate and scaffold cognitive
practice through repetition and immediate feedback, whereas metacognitive planning and affective
regulation remain largely learner-driven (Fan & Gao, 2026). This distinction underpins the treatment of
strategy use and motivation as related but conceptually distinct outcomes rather than a single
composite construct. In technology-rich settings, learners must decide what to practise, when to seek
feedback, how to evaluate resources, and how to translate online activity into meaningful performance.
In Chinese EFL contexts, AI-assisted systems can expand opportunities for speaking, writing, and self-
regulated learning (Qiao & Zhao, 2023), while on-demand feedback can reduce the cost of
experimentation and reinforce perceptions of progress, potentially sustaining motivation.
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Motivation concerns the direction, magnitude, and persistence of effort, thereby influencing not only
whether learners engage in learning activities but also the extent to which they sustain that engagement
over time. In language learning, motivational processes are often shaped by learners' future self-image,
perceived obligations, and immediate learning experiences, which influence how they perceive the value
and relevance of learning activities (Song, 2024; Almayez et al., 2025). However, a self-determination
framework provides a complementary perspective by emphasising autonomy, competence, and
relatedness as fundamental psychological needs that underpin sustained learning engagement (Ryan et
al., 2022). From this perspective, motivation is not simply a matter of how much effort learners exert, but
also of the quality and underlying regulation of that effort. When learners experience a sense of choice
and agency, perceive themselves as capable of making progress, and feel socially connected within their
learning environment, they are more likely to develop forms of motivation that support sustained and
self-directed engagement (Namaziandost et al., 2024). This distinction is particularly relevant to
technology-mediated language learning, where digital environments can either support or constrain
learners' sense of autonomy, competence, and relatedness depending on how they are used and
experienced.

2.5 Theoretical integration, research gap, and conceptual
model
The study is grounded in social cognitive theory (SCT), which conceptualises learning as a dynamic
interaction among person, behaviour, and environment (Bandura, 2020). Within this framework, social
media and AI tools constitute the digital learning environment, digital literacy represents a personal
capability, learning strategies reflect goal-directed behaviours, and motivation sustains engagement. SCT
therefore provides a basis for explaining why exposure to the same technologies may produce different
learning experiences and why learner capabilities must be considered alongside the affordances of the
digital environment.

A complementary lens for technology adoption is the Unified Theory of Acceptance and Use of
Technology (UTAUT), which proposes that performance expectancy, effort expectancy, social influence,
and facilitating conditions shape students' adoption and continued engagement with digital
technologies (Venkatesh et al., 2003; Deng et al., 2023; Xue et al., 2024). However, UTAUT has been
criticised for conceptualising technology adoption as largely rational and episodic, a framing that fits
less well with language learning, where engagement is iterative, habitual, and responsive to day-to-day
motivational fluctuations (Deng et al., 2023). This limitation supports the present study's decision to
foreground SCT as its structural framework while retaining UTAUT as a conceptual backdrop for
understanding initial technology adoption. Accordingly, UTAUT is not tested as a full latent model
because its constituent constructs were not measured individually. Instead, it helps distinguish
technology adoption from subsequent educational use, highlighting the theoretical gap between access
to technology, willingness to use it, and the capability to integrate it meaningfully into learning. While
UTAUT therefore informs initial technology acceptance, SCT provides the primary structural lens for
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examining the post-adoption interplay among behavioural, personal, and motivational self-regulatory
dynamics.

Although previous studies have established associations among social media use, AI tool use, digital
literacy, language learning strategies, and English learning motivation, their distinct analytical roles within
a coherent model remain insufficiently understood among regional Chinese undergraduates. The
research gap therefore extends beyond the limited claim that these five constructs have rarely been
examined together. In the existing literature, social media and AI use are conceptualised as forms of
digital engagement, whereas digital literacy represents an explanatory capability; strategies and
motivation, in turn, capture complementary dimensions of meaningful English learning. This
conceptualisation enables the study to examine whether differences in educational value can be
explained through these constructs without presuming that digital literacy moderates every relationship
between technology use and learning outcomes. The central transformation of interest is thus a
capability-based shift from access and activity towards regulated, reflective, and motivationally
sustainable learning. This framing is particularly appropriate for a cross-sectional study because it
addresses a theoretically significant educational issue while recognising that causal sequences require
subsequent longitudinal or experimental investigation. The conceptual framework guiding the study is
presented in Fig. 1.

3. Methodology

3.1 Design, setting, and participants
The study adopted a quantitative, cross-sectional correlational design and analysed data collected from
600 undergraduate students across three universities in Yinchuan, Ningxia, China. The verified dataset
comprised 259 males (43.2%) and 341 females (56.8%). By academic year, 125 students were in Year 1,
274 in Year 2, 160 in Year 3, and 41 in Year 4. Only 28 students (4.7%) were English majors, compared
with 572 (95.3%) non-English majors. Regarding self-rated English proficiency, 444 students (74.0%)
reported beginner-level proficiency, 146 (24.3%) intermediate, and 10 (1.7%) advanced. Additionally, 172
students (28.7%) reported having received some prior formal training in using digital or AI tools for
learning. Overall, the sample was disproportionately composed of non-English majors and students
reporting beginner-level English proficiency, limiting the extent to which the findings can be generalised
beyond the study sample.

Age and university identifiers were not retained in the final analytical file, precluding institution-level
analysis. Recruitment was organised by academic year, whereas major and self-rated English proficiency
were measured at the respondent level and treated as covariates rather than sampling strata. To address
the reviewer-relevant possibility of confounding, focal direct associations were therefore tested both
unadjusted and after adjustment for gender, academic year, major, proficiency, and prior digital/AI
training. The adjusted Ordinary Least Squares (OLS) models thus mitigate, although cannot eliminate,
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potential confounding arising from the sample's concentration of non-English majors and self-rated
beginner learners.

3.2 Instrument and measurement
The questionnaire comprised 64 substantive scale items, two data-quality items, and demographic
questions. Of the substantive items, twelve assessed dimensions of digital literacy, including technical
functioning, critical analysis, resource organisation, privacy, cooperation, problem-solving, and
purposeful tool selection. Eleven items measured social media use specifically for learning English, while
ten assessed AI tool use for frequency and types of use, and perceived usefulness and motivation.
Language-learning strategies were measured using nineteen items covering memory, cognitive,
compensation, metacognitive, affective, social, and digital learning strategies. Finally, fifteen items
assessed English learning motivation across the ideal L2 self, ought-to L2 self, and L2 learning
experience.

The study used adapted rather than unchanged scales: digital-literacy items drew on Putri (2021) and Ng
(2012); strategy items reflected Oxford's SILL tradition while incorporating additional digital-strategy
behaviours; motivation items captured the ideal L2 self, ought-to L2 self, and L2 learning experience; and
SMU and AITU items were contextualised to observable English-learning activities. The Chinese
questionnaire underwent forward translation, independent back-translation, bilingual reconciliation, and
student comprehension checking, with item relevance, clarity, construct coverage, and contextual
appropriateness reviewed before the main administration. Platform names such as WeChat, Bilibili,
Xiaohongshu, Grammarly, Duolingo, and ChatGPT were illustrative of relevant functions rather than
representative of all platforms. The study did not, for example, provide ChatGPT access, assume its legal
authorisation in mainland China, or estimate brand-level adoption rates from the AI scale.

Table 1
Construct measurement and analytical roles

Construct Items Analytical role Core content

Social Media Use
(SMU)

8 Predictor English-learning-specific browsing, groups,
resource search, posting, sharing,
interaction

AI Tool Use (AITU) 10 Predictor Translation, writing support, AI practice,
conversation, feedback, confidence, self-
paced learning

Digital Literacy
(DL)

12 Indirect pathway,
moderator, grouping
variable

Technical, cognitive, critical, ethical,
collaborative, goal-aligned digital
capability

Language-Learning
Strategies (LLS)

19 Outcome Memory, cognitive, compensation,
metacognitive, affective, social, and digital
strategies

Motivation (MOT) 15 Outcome Ideal L2 self, ought-to L2 self, learning
experience
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3.3 Data Cleaning and Attention Checking
There were no missing data on the 64 substantive items in the verified data set. The survey also included
an instructed-response item requesting selection of response category 4. From the 600 retained records,
416 individuals marked the requested category and 184 individuals marked another category. The
primary analysis was performed using all 600 records in the archived analytical file, and the conclusions
drawn were repeated in the 416-person subset of the quality-check sample as a sensitivity analysis, not
by redefining the sample.

3.4 Statistical analysis
Data analyses included descriptive statistics, Cronbach's alpha, Pearson correlations, ordinary least-
squares regression, bootstrapping with the statistical indirect-effect model, centred interaction
regressions, and a prespecified comparison of the digital-literacy group. H1 and H2 were initially
modelled unadjusted for gender, academic year, major, self-rated proficiency, or previous digital/AI
training and later adjusted for these factors. H3a checked two cross-sectional statistical indirect
pathways: SMU → DL → MOT and AITU → DL → MOT. H3b tested the interactions between SMU and DL
and between AITU and DL for predicting LLS and MOT, respectively. In H4, low DL was set as the lowest
3rd of the distribution, and high DL was set as the highest 3rd of the distribution, with the middle 3rd of
the distribution omitted for this extreme-group comparison. Both multivariate group tests and univariate
group tests were used. The indirect coefficients reported below are unstandardised and were estimated
using 5,000 bootstrap resamples.

4. Results

4.1 Descriptive statistics, reliability, and correlations
The five composite scores were calculated as item means. DL had the highest mean (M = 3.663, SD = 
0.717), followed by AITU (M = 3.565, SD = 0.687), MOT (M = 3.328, SD = 0.636), LLS (M = 3.285, SD = 
0.701), and SMU (M = 2.814, SD = 0.763). Internal consistency was excellent across all scales, ranging
from α = .934 for SMU to α = .967 for LLS. The very high coefficients indicate reliable item covariance but
should not be treated as proof of construct validity by themselves.
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Table 2
Descriptive statistics and internal consistency (N = 600)

Construct M SD Observed range Cronbach's α

SMU 2.814 0.763 1.00–5.00 .934

AITU 3.565 0.687 1.00–5.00 .945

DL 3.663 0.717 1.00–5.00 .948

LLS 3.285 0.701 1.00–5.00 .967

MOT 3.328 0.636 1.00–5.00 .955

As Fig. 2 below shows, the five constructs vary in their mean positions on the common 1–5 response
scale. Social-media use has the lowest mean, whereas digital literacy and AI-tool use have comparatively
higher average scores. Because all constructs use the observed 1–5 metric in the dataset, the bar
heights can be compared directly as descriptive positions. However, this comparison does not imply that
the constructs are substantively equivalent.

All five constructs were positively correlated at p < .001. The focal H1 correlation between SMU and LLS
was r = .598, and the focal H2 correlation between AITU and MOT was r = .570. DL correlated with SMU (r
= .401), AITU (r = .549), LLS (r = .442), and MOT (r = .399). The strongest overall relationship was
between LLS and MOT (r = .751), confirming that the two outcomes are closely connected while
remaining separately measured dimensions of meaningful learning.

Table 3
Pearson correlations among the principal constructs
Variable SMU AITU DL LLS MOT

SMU 1.000        

AITU .437 1.000      

DL .401 .549 1.000    

LLS .598 .594 .442 1.000  

MOT .510 .570 .399 .751 1.000

4.2 Direct associations: H1 and H2
H1 was supported. In the unadjusted regression, SMU positively predicted LLS, B = .550, SE = .030, 95%
CI [.490, .609], standardised β = .598, p < .001, with R² = .358, F (1, 598) = 333.46. After adjustment for
gender, academic year, major, prior digital/AI training, and self-rated English proficiency, the SMU–LLS
association remained significant, B = .523, SE = .031, standardised β = .569, p < .001, with R² = .388, F (6,
593) = 62.66. H2 was also supported. AITU positively predicted MOT, B = .528, SE = .031, 95% CI [.467,
.589], standardised β = .570, p < .001, with R² = .325, F (1, 598) = 287.93. The adjusted association
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remained significant, B = .510, SE = .031, standardised β = .551, p < .001, with R² = .356, F (6, 593) = 
54.63. These models show that the focal relationships remain substantial after statistical adjustment,
while the cross-sectional design prevents causal interpretation.

The two adjusted standardised coefficients are similar in magnitude, as shown in Fig. 3. This
comparison is descriptive rather than a formal test of coefficient equality. Still, it indicates that social
media use is strongly associated with strategy use and that AI tool use is similarly strongly associated
with motivation in this sample.

4.3 Digital literacy as a statistical indirect pathway: H3a
Both prespecified motivation pathways supported H3a. For SMU → DL → MOT, the unstandardised
indirect effect was .077 with a 95% bootstrap CI [.039, .123]. For AITU → DL → MOT, the unstandardised
indirect effect was .062 with a 95% bootstrap CI [.008, .127]. Both intervals excluded zero. Covariate-
adjusted sensitivity models yielded the same conclusion, with unstandardised indirect effects of .081
and .064. The indirect effects were estimated using 5,000 bootstrap resamples. These are statistical
indirect associations and should not be interpreted as evidence that technology use caused digital
literacy or that digital literacy caused motivation because all variables were measured at one time point.

As Fig. 4 shows, both indirect-effect estimates are positive, and their bootstrap confidence intervals
exclude zero. The intervals are wider than the point estimates, especially for the AITU pathway, which
warns against introducing digital literacy as a determinative process. The evidence is consistent with
digital literacy helping explain part of the relationship between digital engagement and motivation, while
reciprocal or omitted-variable explanations remain possible.

4.4 Digital literacy as a moderator: H3b
The data did not support H3b. The SMU × DL interaction predicting LLS was not significant: B = − .011, SE
= .030, t = − .358, p = .720. The AITU × DL interaction was positive but also failed to reach the .05
threshold: B = .056, SE = .030, t = 1.855, and p = .064. The substantive conclusion obtained from
covariate-adjusted models was the same. An interaction plot is thus not given as evidence of
moderation. This null result restricts the interpretation of digital literacy: DL is correlated with the level of
technology engagement and with the learning outcomes and has significant indirect associations, but
evidence so far does not indicate a consistent tendency of strengthening relationships between
technology and strategy. Although neither interaction was statistically significant, DL retained positive
main associations with both outcomes (LLS: r = .442, p < .001; MOT: r = .399, p < .001).

4.5 Digital-literacy group differences: H4
H4 was supported. Low DL was defined as a composite score at or below 3.417 (n = 208) and high DL as
a score at or above 4.000 (n = 213); 179 middle-third respondents were omitted only from this
comparison. The multivariate difference across LLS and MOT was significant: Wilks' λ = .697, F (2, 418) 
= 90.99, p < .001. High-DL students reported higher LLS (M = 3.706, SD = 0.640) than low-DL students (M 
= 2.882, SD = 0.638), F (1, 419) = 175.17, p < .001, partial η² = .295. Motivation was also higher in the high-
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DL group (M = 3.663, SD = 0.627) than in the low-DL group (M = 3.020, SD = 0.595), F (1, 419) = 116.46, p <
.001, partial η² = .217.

As Fig. 5 shows, the high-digital-literacy group reports higher mean scores than the low-digital-literacy
group on both language-learning strategies and motivation, with the difference being more pronounced
for language-learning strategies. These groups are not latent learner profiles or diagnostic categories;
rather, they are analytical groups derived from the observed distribution of digital-literacy scores. This
pattern supports differentiated support while avoiding the claim that high- and low-digital-literacy
students constitute fixed learner types.

4.6 Platform context and sensitivity analysis
Multiple response platform indicators demonstrate the context of social-media learning. 75.5% of the
respondents chose Douyin/TikTok, followed by Bilibili (52.8%), Xiaohongshu (44.7%), and WeChat
(41.0%). Weibo (12.3%), QQ (11.2%), other platforms (5.7%), YouTube (5.2%), Instagram (4.7%), and
Twitter/X (2.8%) were less frequently selected. Percentages relate to platform selection in English
learning, rather than platform-specific causal effects. AI items were recorded by functional activity rather
than brand-level selection, so no defensible ChatGPT, Grammarly, or Duolingo adoption percentage is
reported.

Note

Percentages do not sum to 100% because respondents could select multiple social-media platforms used
for English learning.

Short-video and curation environments are particularly prominent in students' social media use for
English learning, as shown in Fig. 6, while messaging and community platforms also play important
roles. This pattern supports defining social media functionally rather than through a limited set of named
platforms. The educational implication is therefore to design tasks around functions such as multimodal
input, interaction, resource curation, and peer feedback, rather than assuming that any single platform
inherently produces a particular learning outcome.

A further robustness check was conducted through a data-quality sensitivity analysis. Among the 416
respondents who provided the instructed answer, the same general conclusions emerged: SMU-LLS and
AITU-MOT remained positive and significant, as did the two indirect pathways through DL, while both
moderation interactions remained nonsignificant. This convergence indicates that the central hypothesis
decisions are not driven solely by respondents who missed the attention item. Nevertheless, the
proportion of non-passers remains an important limitation of the retained dataset.

5. Discussion

5.1 Social media as a strategic learning environment
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The close association between social media use (SMU) and language-learning strategies (LLS) suggests
that when directed towards English learning, social media can function as a strategic learning
environment. This finding aligns with research showing that participatory digital platforms facilitate
language exposure, peer interaction, resource sharing, and informal L2 practice beyond the classroom
(Apoko & Waluyo, 2025; Genç & Kırmızıbayrak, 2024; Li et al., 2021). From an SCT perspective, these
environments expand opportunities for observation, interaction, feedback, and self-directed practice,
with strategy use representing learners' behavioural responses to such opportunities. The strong
association (r = .598) remained robust after controlling for proficiency and major, indicating that this
relationship extends beyond disciplinary or proficiency differences. The substantial use of Douyin/TikTok
for English learning (75.5%) further supports evidence that short-video platforms can facilitate
vocabulary acquisition and pronunciation exposure (Sely & Priyatmojo, 2026).

However, the lower mean for social media use (SMU) (M = 2.814) relative to the other constructs
suggests that general platform engagement should not be equated with educational use. Students may
be highly active on social media while using it only infrequently or incidentally for English learning (Bui et
al., 2023; Chowdhury & Begum, 2025). The prominence of short-video platforms further highlights this
distinction: although they can support listening, vocabulary development, and multimodal
comprehension, they may also promote rapid switching, passive viewing, and fragmented attention
(Pérez-Juárez et al., 2023). Thus, digital-literacy instruction should emphasise purposeful, self-regulated
engagement, including attention regulation and transforming content into active learning through note-
taking, retrieval, summarisation, comparison, and follow-up production.

5.2 AI support and motivational quality
The significant relationship between AI tool use and learning motivation (r = .570) is consistent with
research identifying personalisation, timely feedback, speed, and low-pressure practice as key
motivational affordances of AI-supported learning (Hwang et al., 2020; Ouyang & Jiao, 2021; Qiao &
Zhao, 2023; Jingyi & Nasri, 2025; Zhang et al., 2024). AI tools enable learners to receive immediate
feedback without teacher marking, practise repeatedly at their own pace, and make errors without the
embarrassment associated with public performance. These affordances may strengthen perceived
competence and autonomy, thereby supporting sustained motivation, consistent with Self-Determination
Theory (Ryan et al., 2022; Namaziandost et al., 2024). The finding also accords with UTAUT's post-
adoption logic, whereby tools perceived as useful and manageable are more readily incorporated into
learners' study routines.

However, the study does not establish which specific aspects of AI use drive motivation. Some AITU
items assess perceived usefulness, confidence, and motivational value, while motivation measures also
reference technology-supported learning, creating conceptual proximity that may inflate the observed
association. Accordingly, the findings should be interpreted cautiously as indicating that students
reporting more frequent and positive AI-supported learning also tend to report higher motivation (Fan &
Gao, 2026; Liang et al., 2024; Sun, 2023). Future research should distinguish behavioural usage logs from
perceived usefulness, confidence, and motivational perceptions to reduce conceptual overlap and
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common-method variance. This caution is consistent with concerns that passive acceptance of AI
outputs, without metacognitive evaluation, may undermine learner autonomy, critical reflection, and
ownership of learning (Dwivedi et al., 2023; Liang et al., 2024; Sun, 2023).

5.3 What digital literacy does and does not do
The indirect-effect results provide strong evidence for the central capability argument. Digital literacy
partially accounted for the relationships between both forms of digital engagement and motivation,
suggesting that technology becomes educationally valuable when learners can critically evaluate,
regulate, organise, and integrate digital activities with learning goals. This finding aligns with Martinez-
Bravo et al. (2022), Putri (2021), Ng (2012), and Rioseco-Pais et al. (2024). Specifically, learners who can
verify AI-generated outputs, assess social-media information, select appropriate tools, and manage
distractions are better positioned to engage productively with digital environments. The significantly
higher strategy usage and motivation among high-digital-literacy learners further indicates that technical
familiarity alone does not ensure critical or regulatory competence.

The null moderation findings are theoretically significant because they suggest that digital literacy is not
a universal capability that strengthens every technology–learning relationship. Instead, digital literacy
appears to function as a general capability associated with learning outcomes and as an indirect
explanatory pathway, while its effects may depend on task-specific dimensions. Consistent with
Deschênes (2024) and Martínez-Bravo et al. (2022), digital literacy is better understood as a
multidimensional construct encompassing operational, critical, and social competencies. For instance,
critical-evaluation literacy may shape learners' reliance on AI-generated outputs, whereas technical and
collaborative competencies may be more relevant to social-media engagement (Deschênes, 2024;
Venetsanos, 2026). Thus, the null moderation results (p = .720 for SMU; p = .064 for AITU) establish an
important boundary to claims that digital literacy universally amplifies technology–strategy
relationships.

The distinction between significant indirect effects and nonsignificant interactions is therefore
theoretically important because they address different questions. The mediation models examine
whether part of the relationship between technology engagement and motivation operates statistically
through differences in digital literacy. In contrast, the moderation models examine whether the strength
of the technology–strategy relationship varies according to levels of digital literacy. The findings support
the first proposition but not the second. Digital literacy may therefore represent one pathway through
which digitally engaged learners develop stronger motivation, without functioning as an omnibus factor
that amplifies all technology–learning relationships. This distinction sharpens the paper's conceptual
contribution. It suggests a more focused research agenda in which future studies examine whether
specific digital-literacy dimensions, rather than a global composite, moderate relationships under
particular tasks, platforms, proficiency levels, or forms of AI assistance (Guan et al., 2025; Liang et al.,
2024; Putri, 2021).

5.4 Theoretical contribution
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The findings support a differentiated but complementary application of SCT and UTAUT. SCT provides
the stronger explanatory foundation because its triadic reciprocal framework connects digital
environments, learner capabilities, strategic behaviours, and motivation (Bandura, 2020). In this model,
social media and AI tools constitute environmental opportunities, digital literacy represents personal
capability, language learning strategies reflect self-regulatory behaviour, and motivation sustains
engagement. UTAUT is narrower, but its emphasis on performance and effort expectancy helps explain
initial technology acceptance (Deng et al., 2023; Venkatesh et al., 2003; Xue et al., 2024). However, its
adoption-oriented assumptions are less suited to continuous educational learning. The findings
therefore suggest a progression from technology acceptance to educational value: adoption provides
access to technological affordances, while capability enables learners to convert these affordances into
meaningful learning strategically. This distinction positions SCT and UTAUT as complementary rather
than interchangeable theoretical perspectives.

The framework also justifies examining learning strategies and motivation as complementary outcomes.
Although strongly correlated (r = .751), they represent distinct dimensions of meaningful learning:
strategies concern how learners regulate and implement learning, whereas motivation concerns the
direction and persistence of engagement (Oxford, 2017; Song, 2024). Digital engagement that generates
short-term interest without strengthening strategic regulation may be unsustainable, while strategic
knowledge without sufficient motivation may not be consistently enacted. Thus, their joint consideration
captures complementary dimensions of meaningful English learning without treating them as a single or
newly defined construct.

5.5 Comparison with prior research and contextual
contribution
The findings demonstrate a particularly strong association between general language-learning strategies
and social media use, suggesting that informal, socially mediated learning may extend beyond specific
linguistic skills. This supports the view that digital environments can facilitate cognitive, social, and
metacognitive engagement when used purposefully, while evidence of digital distraction (Pérez-Juárez
et al., 2023) warrants caution in generalising beyond English-learning activities. Similarly, the AI findings
align with evidence that feedback-rich and conversational systems can enhance motivation and self-
regulation (Qiao & Zhao, 2023; Guan et al., 2025), while reinforcing the importance of pedagogy, learner
judgement, and human oversight (Zawacki-Richter et al., 2019; Wang et al., 2024). The findings further
extend this literature by highlighting the accessibility of self-directed digital tools for regional Chinese
undergraduates, 74.0% of whom were non-English majors who identified as beginners and may
particularly benefit from targeted feedback and scaffolding.

The educational role of digital platforms should be interpreted within the specific technological and
sociocultural context in which they are used. Platform interpretation is context-dependent. In China,
Douyin/TikTok, Bilibili, Xiaohongshu, and WeChat support distinctive forms of vocabulary practice, short-
form speech exposure, curation, and peer interaction (Li et al., 2021; Sely & Priyatmojo, 2026), differing

Page 16/28



from platform configurations centred on YouTube, Instagram, or X. However, these differences suggest
that platform functions may be more analytically stable than platform brands, with educational
affordances encompassing multimodal input, content curation, messaging, community engagement, and
sharing. This function-oriented perspective is consistent with Genç and Kırmızıbayrak (2024) and
provides a useful basis for comparative research across digital ecosystems. Nevertheless, digital access
alone does not ensure strategic learning. As Zawacki-Richter et al. (2019) and Wang et al. (2024)
emphasise, effective technology-enhanced learning requires pedagogical scaffolding, human oversight,
and deliberate learner agency.

6. Practical Implications
Digital literacy should be understood as a component of language-learning capacity rather than generic
computer literacy. Support should therefore focus on evaluating sources, verifying AI-generated content,
understanding privacy and data use, managing attention, effective prompting, interpreting automated
feedback, organising resources, and reflecting on whether digital tools support defined English-learning
objectives. Since H3b was not supported, such training should not be justified on the assumption that
higher digital literacy will amplify all technology effects. Rather, its value lies in promoting the quality and
accountability of digital engagement while reducing disparities in digital learning capabilities among
learners.

Teachers should integrate social media and AI activities around language-learning goals rather than
enthusiasm for the platforms themselves. Short-video activities, for instance, can be paired with
transcription, vocabulary identification, pronunciation comparison, or critical summarisation. Messaging
groups can support collaborative editing, peer explanation, and responsible interaction. AI tasks can
require students to compare AI-generated feedback with reference materials, explain which suggestions
they accepted or rejected and why, revise without AI assistance, and identify areas of uncertainty. These
practices remain learner-centred while making the learning process visible. A simple AI-verification
checklist could require students to submit prompt histories, identify potential hallucinations or
grammatical errors in AI-generated output, and justify their acceptance or rejection of each suggestion.

At the programme level, the findings support a phased and differentiated support model that responds to
substantial differences in learners' digital literacy (DL). Rather than adopting uniform workshops,
diagnostic assessment at programme entry could identify learners requiring systematic support without
treating low DL as an inherent learner characteristic. Lower-DL learners could receive guided tool-
selection templates, worked examples, verification checklists, and stepwise reflection, while higher-DL
learners could undertake more challenging activities involving critical evaluation, multimodal synthesis,
authorship, and cross-platform transfer. Routines for evaluating information, managing privacy, and
selecting appropriate tools could be introduced through workshops, embedded in course activities and
authentic English-learning tasks, and progressively foregrounded in later modules to strengthen
independent judgement and responsible technology use. Progress could be assessed through both
learning products, demonstrating what learners can do, and reflective explanations, indicating how and
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why they make particular technological and learning choices, rather than through standalone digital-
skills sessions. In mainland China, institutions should also avoid assuming ubiquitous access to
particular generative-AI products; recommendations should instead emphasise accessible and
permitted tools based on pedagogical functions rather than brand names. Collectively, these measures
could gradually reduce scaffolding while strengthening learners' independence, critical judgement,
authorship, and capacity to transfer responsible digital practices across technologies and learning
contexts.

7. Limitations and Future Research
Cross-Sectional Design: The cross-sectional design precludes strict causal inference, temporal
ordering, and causal mediation among SMU, AITU, DL, LLS, and MOT.

Self-Report Measures and Method Variance: All key constructs are based on participant self-reports
rather than objective task performance, direct proficiency assessments, or digital trace data,
creating potential for common-method variance.

Sample Composition: The sample is predominantly non-English majors (95.3%) and self-rated
beginners (74.0%) from three universities in Ningxia, including only 10 self-rated advanced learners.
This limits direct generalisability to elite urban universities and more advanced EFL populations.

Attention Check Rate: Of the 600 respondents, 184 (30.7%) failed the instructed-response attention
check. Although sensitivity analysis produced the same hypothesis decisions in the pass-only
subsample (n = 416), the relatively high failure rate warrants caution in interpreting the findings.

Measurement should be further strengthened. Future research should move beyond separating AI-
use frequency from perceived usefulness and motivational responses by treating AI literacy as a
distinct construct where theoretically warranted, alongside objective proficiency, task performance,
teacher ratings, or digital-trace measures. Longitudinal and experimental designs could then assess
whether targeted digital-literacy interventions produce sustained changes in educational outcomes
across specific social media or AI functions.

8. Conclusion
This study demonstrates that social media and AI tools play distinct yet complementary roles in Chinese
undergraduates' English learning. Using digital literacy as an explanatory variable and a statistical
indirect pathway, the study examined how students' use of these technologies relates to language-
learning strategies and motivation. Social media use was strongly associated with strategic language
management, whereas AI-tool use was more strongly associated with learning motivation. Digital literacy
also showed significant indirect associations through these technology-use pathways, while students
with higher digital literacy reported significantly stronger strategy use and motivation. However, digital
literacy did not significantly moderate the focal technology-to-strategy relationships. Thus, the findings
suggest that digital literacy should not be interpreted as a universal multiplier that consistently amplifies
technology effects, but rather as a core learner capability that facilitates the conversion of digital
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engagement into strategically and motivationally meaningful learning. This distinction highlights the
importance of moving beyond technology access toward responsible, differentiated, and purpose-driven
integration of social media and AI. Educators should therefore develop learners' capacity to critically,
purposefully, and autonomously select and use digital tools, recognising that technology access and
acceptance do not automatically translate into meaningful learning outcomes.
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Figure 1

Conceptual model of the study
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Figure 2

Mean scores of the five study constructs
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Figure 3

Adjusted standardised associations for H1 and H2
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Figure 4

Bootstrap indirect effects through digital literacy
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Figure 5

Mean differences in learning strategies and motivation between low- and high-digital-literacy groups
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Figure 6

Social-media platforms selected for English learning
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