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Abstract: This research delves into the ways artificial intelligence (AI) may improve oral English instruction for second
language acquisition (SLA) by boosting both explicit and tacit knowledge. We use social cognitive theory and broaden-and-
build theory to design a comprehensive model that includes knowledge-sharing behaviors, academic self-efficacy, and AI-
driven language learning. Despite the growing interest in AI-assisted education, the literature has paid little attention to the
link between teachers’ emotional intelligence (EI), knowledge-sharing behaviors, and self-efficacy in language instruction.
To fill this informational void, we surveyed 347 faculty members from Chinese public and private institutions, including
lecturer, senior lecturer, associate professor, and professor levels. Our results show that instructors’ self-efficacy is much
improved by both tacit and explicit knowledge, according to a quantitative method based on partial least squares structural
equation modeling. In addition, self-efficacy and knowledge-sharing behaviors are moderated by EI in a favorable way.
Lastly, when it comes to oral English instruction, instructors’ self-efficacy is crucial in helping students acquire the language.
For educators and policymakers in poor nations, this research offers useful insights by suggesting an AI-integrated
framework to enhance knowledge-sharing, self-efficacy, and language learning. It also adds to the literature by addressing
this issue.

Keywords: academic self-efficacy; artificial intelligence; emotional intelligence; explicit knowledge; second language
acquisition; tacit knowledge

I. INTRODUCTION
Teaching a second language is an exciting and challenging
endeavor that calls for enthusiasm, imagination, and an in-depth
knowledge of how students’minds and hearts work [1,2]. Research
increasingly supports the idea that emotional intelligence (EI) plays
a vital role in foreign language acquisition (FLA), enabling learners
to engage more effectively in communication and comprehension
tasks [3–5]. Emotional regulation facilitates academic persistence
and the development of positive attitudes toward second language
learning [6]. Therefore, emotionally intelligent teachers are more
likely to inspire enthusiasm, build sustainable academic perfor-
mance, and maintain long-term motivation among learners [7].
Recognizing that learners differ in their emotional responses,
learning strategies, and confidence, second language acquisition
(SLA) is considered a multifaceted and dynamic process [8].
Scholars have long highlighted the influence of learner perceptions,
attitudes, expectations, and emotions on successful language acqui-
sition [9,10].

Simultaneously, global educational discourse is increasingly
centered around sustainable development, where knowledge acqui-
sition is viewed as a key catalyst for economic, social, and
environmental transformation [11,12]. Here, artificial intelligence

(AI) has been shown to be a potent facilitator of new ways of
sharing information, which improves classroom instruction and
student achievement. Learning has become more efficient, acces-
sible, and emotionally flexible because of AI-driven technologies,
including adaptive learning platforms, intelligent tutoring systems,
virtual teaching assistants, and natural language processing
(NLP) apps.

According to [13], knowledge is generally categorized into
two main forms: tacit and explicit. Tacit knowledge is inherently
experiential, intuitive, and personal, often developed through
individual reflection and interaction [14]. This type of knowledge
is notoriously difficult to codify or transfer. However, emerging AI
technologies are now helping bridge this gap. For instance, AI-
powered learning analytics, facial recognition for emotion tracking,
and behavior prediction systems can capture and interpret tacit
signals, making the invisible visible for educators and learners
alike. On the other hand, explicit knowledge—structured, codified,
and formal—can be directly transferred via AI-enhanced knowl-
edge repositories, intelligent content delivery systems, and collab-
orative digital platforms [15].

In knowledge-intensive environments like higher education, both
tacit and explicit knowledge are critical for sustained performance and
competitive advantage [16–20]. Explicit knowledge becomes even
more valuable when complemented by experience, intuition, and
emotional input—areas where AI systems can now offer cognitive
and affective scaffolding to enhance the learning process [21]. DespiteCorresponding author: Shulin Yu (e-mail: 1002164130@ucsiuniversity.edu.my).
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the promise of AI in education, previous research has primarily
focused on organizational-level knowledge-sharing dynamics [16],
with limited attention given to individual-level knowledge-sharing
behaviors—especially in language learning contexts [22,23]. This
study addresses that gap by analyzing how AI-supported explicit and
tacit knowledge-sharing behaviors influence academic self-efficacy
among teachers engaged in SLA.

Tacit knowledge, due to its unstructured nature, remains
difficult to externalize and communicate. However, recent devel-
opments in AI-driven systems such as real-time emotional feed-
back tools, sentiment analysis, and adaptive content delivery have
made it increasingly possible to identify and disseminate tacit
knowledge effectively [24]. These technologies also enable the
creation of personalized learning experiences based on emotional
and cognitive inputs, further supporting teachers in their instruc-
tional roles. Research has linked successful tacit knowledge
sharing with supportive environments [25], transformational
leadership [26], and positive interpersonal relationships [24]. A
person’s academic self-efficacy, or confidence in their own
abilities to study and succeed, is very important when it comes
to acquiring a second language. One’s emotional state, one’s
social input, and one’s personal experiences all come together to
form one’s self-efficacy [27,28]. Academically self-confident
educators are better able to overcome pedagogical and language
barriers, and they are also more likely to try out new technologies,
such as AI [29].

Knowledge resides in individuals who generate, apply, and
disseminate it. Yet, in a digital age, the mechanisms of knowledge
transfer are evolving. AI-powered platforms facilitate the transfor-
mation of individual knowledge into shared organizational intelli-
gence [30,31]. Nevertheless, theoretical understanding is still limited
regarding how AI-enhanced explicit and tacit knowledge-sharing
behaviors influence self-efficacy in language education. Most current
studies highlight obstacles and incentives to knowledge-sharing [22],
but few examine how these behaviors—amplified by AI tools—
enhance individual sustainable performance in areas such as second
language teaching. This research builds upon the broaden-and-build
theory, suggesting that emotionally intelligent teachers generate
positive emotions that enhance learning. Additionally, it applies
social cognitive theory to show how feedback mechanisms, rein-
forced by AI systems, shape behaviors and build confidence in
knowledge acquisition. In AI-assisted learning environments, moti-
vation and self-efficacy are dynamically constructed through real-
time feedback, emotional support, and adaptive learning paths.

Second language acquisition (SLA) is deeply influenced by
psychological and motivational constructs such as EI, interest, and
perceived value. Earlier research has emphasized the predictive
power of constructs like self-efficacy, job values, self-regulated
learning, and commitment [32–35]. Yet, there is a notable gap in
understanding how these variables interact within AI-supported
environments, particularly in Asian language education contexts
[36,37]. Finally, our limited study indicates that the examined
factors have not been examined in conjunction, and that Chinese
instructors suffer from a lack of expertise in this area. By investi-
gating the role of EI as a mediator between academic self-efficacy,
practices of explicit and tacit information sharing, and lesson
effectiveness in an AI-integrated language learning environment,
this research aims to fill a substantial gap in the literature. Using
concepts from social cognitive theory and broad and build theory,
we created an all-encompassing model that takes into account two
types of knowledge sharing: academic self-efficacy and second
language learning.

II. REVIEW OF LITERATURE AND
DEVELOPMENT OF HYPOTHESES

A. THEORETICAL UNDERPINNINGS

Our approach was grounded on two theories: social cognitive
theory and the broaden-and-build theory [38]. Positive emotions,
according to the broaden-and-build hypothesis, encourage people
to develop social resources by expanding their thought-action
repertoires, while negative emotions limit this capacity. Highly
emotionally intelligent learners who experience positive emotions
are more likely to acquire knowledge and enrich themselves with
resources that support SLA [39]. In contrast, less emotionally
intelligent learners, governed by negative emotional states, may
limit their cognitive engagement and reduce their focus on lan-
guage learning tasks. Emotionally intelligent positive emotions
thus play a vital role in enhancing sustainable academic perfor-
mance [40] by building learners’ confidence in achieving academic
and linguistic goals. In recent years, AI has emerged as a catalyst in
amplifying the mechanisms described by the broaden-and-build
theory. Artificial intelligence (AI)-driven learning environments,
such as adaptive language platforms and virtual assistants, can
generate personalized feedback, simulate interactive dialogues, and
foster emotionally engaging experiences. These AI features not
only improve learners’ academic outcomes but also induce positive
affect, which can expand learners’ openness to acquiring social and
cognitive resources essential for language acquisition.

According to social cognitive theory, people make deliberate
efforts to develop themselves because they believe their actions can
lead to meaningful outcomes, such as acquiring new knowledge.
The central theme of this theory is the belief that individuals’
thoughts, emotions, and behaviors are interrelated: what people
think, believe, and feel significantly shapes how they behave [41]
(p. 25). Reference [56] offered a consolidated view of human
psychology, emphasizing that individuals’ self-perceptions guide
their motivation and behavior. For language learners, the belief that
effort leads to proficiency motivates them to regulate their behavior
in alignment with learning objectives. Accordingly, self-efficacy—
an individual’s belief in their capacity to perform academic tasks—
emerges as a critical predictor of success in SLA [42]. The
integration of AI aligns with social cognitive theory by enhancing
learners’ self-regulatory capabilities. AI-based feedback systems,
automated assessments, and intelligent tutoring platforms offer
real-time insights into learners’ performance, enabling them to
reflect on their progress and make informed adjustments. These
affordances promote metacognitive awareness, reinforce self-be-
liefs, and strengthen academic self-efficacy. Furthermore, AI ap-
plications allow for personalized learning paths, which empower
learners to feel more in control of their educational experience—a
key tenet of social cognitive theory. By reinforcing both emotional
and cognitive dimensions of learning, AI technologies serve as
instrumental tools that support the theoretical premises of broaden-
and-build and social cognitive frameworks. Their integration into
educational settings may not only enhance knowledge acquisition
but also foster the self-efficacy and emotional resilience necessary
for sustainable second language performance.

B. TACIT KNOWLEDGESHARINGANDACADEMIC
SELF-EFFICACY

Self-efficacy provides a theoretically solid foundation for analyz-
ing cognition-based knowledge, commonly referred to as tacit
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knowledge. This construct supports the prediction of actions and
attitudes across diverse contexts and populations [43–46]. Self-
efficacy beliefs are formed through a self-reflective judgment
process, whereby individuals assess whether and how they can
perform a specific action, based on a combination of subjective and
cognitive factors [27]. Physiological arousal, verbal persuasion,
vicarious experience, and enactive mastery are the four main data
points used in this assessment [1,13].

• Enactive Mastery is developed primarily through hands-on
practice and personal execution of tasks. It is shaped by
cognitive, behavioral, and self-regulatory mechanisms, which
alter how individuals perceive themselves and their surround-
ing environments [2].

• Vicarious Experience involves observational learning and
social comparison—individuals can acquire skills by observ-
ing peers in action, regardless of whether knowledge transfer is
intentional [3].

• Verbal Persuasion includes encouragement or feedback
received from others, reinforcing one’s belief in their capabili-
ties [4].

• Physiological Arousal encompasses emotional states and
physical responses that influence confidence and motivation.

These mechanisms represent deeply embedded cognitive and
behavioral competencies, which are often unspoken and situational
—thus aligning closely with the concept of tacit knowledge [47].
Tacit knowledge encompasses both cognitive components
(e.g., beliefs, paradigms, and mental models) and technical com-
ponents (e.g., task-specific know-how) [13]. Individuals form self-
efficacy beliefs through engaging in tasks, reflecting on past
experiences, leveraging personal and contextual resources, and
managing constraints. As these beliefs develop, they shape future
goal setting, effort expenditure, and adaptive learning behaviors. In
this setting, AI is becoming more important in easing the process of
acquiring, strengthening, and sharing tacit knowledge. By simu-
lating mastery experiences, modeling peer behaviors, and provid-
ing real-time, tailored feedback, AI-powered technologies may
imitate important sources of self-efficacy. These tools include
intelligent tutoring systems, emotion-aware learning platforms,
and collaborative virtual environments. For instance, AI-driven
avatars or agents can guide learners through challenging scenarios,
allowing them to observe successful task completion (vicarious

experience) and receive targeted encouragement (verbal
persuasion).

Furthermore, AI technologies can analyze behavioral patterns,
emotional responses, and learning trajectories to adapt instructional
support in real time. This creates an individualized, data-informed
learning environment that enhances self-regulation and cognitive
reflection, both critical elements of tacit knowledge development.
By augmenting how learners internalize and share unspoken
expertise, AI not only supports self-efficacy formation but also
promotes more effective knowledge-sharing behaviors in academic
contexts. Thus, academic knowledge-sharing results may be
strongly predicted by self-efficacy in transmitting complicated
tacit information, which may be aided by AI-supported learning
ecosystems. The following hypothesis is formulated using the
current literature (as presented in Fig. 1):

H1: Tacit knowledge is positively associated with academic
self-efficacy.

C. EXPLICIT KNOWLEDGE SHARING AND
ACADEMIC SELF-EFFICACY

There are two main ways in which people share what they know:
explicitly and implicitly. Documents, manuals, databases, and
group efforts like brainstorming sessions with colleagues are all
good places to find explicit knowledge since it is codified, orga-
nized, and easy to express [48,49]. In contrast, tacit knowledge is
personal, context-specific, and inherently more difficult to transfer
due to its non-verbal, experiential nature. It is often communicated
through nuanced expressions such as attitudes, gestures, intuition,
or mental models, and is demonstrated through practice rather than
formal instruction [50,51]. Sharing explicit knowledge plays a
critical role in fostering academic self-efficacy, as it equips in-
dividuals with clearly defined frameworks and information that
promote task clarity and encourage self-evaluation. By accessing
organized knowledge, learners can better assess their capabilities,
plan effectively, and gain the confidence required to complete
academic tasks. Self-efficacy, being a key motivational construct,
enhances learners’ persistence, engagement, and adaptability when
facing academic challenges [52–54].

Educators and learners with higher confidence in their task
performance abilities are more inclined to share structured knowl-
edge and collaborate, based on the belief that such interactions will

Fig. 1. Research model.
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contribute to improved outcomes [55]. Empirical studies support a
positive association between knowledge-sharing behaviors and
enhanced self-efficacy, particularly in contexts requiring task-
oriented collaboration and goal setting [52]. In the era of AI,
the process of explicit knowledge-sharing is being fundamentally
transformed and amplified. Artificial intelligence (AI) systems—
ranging from intelligent learning platforms and digital content
curators to AI-powered chatbots and collaborative tools—can
capture, store, retrieve, and disseminate explicit knowledge at
scale and in real time. These technologies facilitate more efficient
access to structured information, allowing students and educators
to engage in on-demand knowledge retrieval, automated content
summarization, and guided decision-making.

For example, AI algorithms can personalize the delivery of
learning materials based on user preferences and performance data,
enabling adaptive learning paths that reinforce self-efficacy through
timely, relevant, and structured feedback. Similarly, AI-driven
knowledge management systems within academic institutions can
foster a culture of open knowledge exchange, allowing learners and
faculty to collaborate across disciplines and bridge knowledge silos.
By enabling streamlined access to explicit knowledge, AI not only
supports academic performance but also strengthens learners’ per-
ceived competence, leading to enhanced academic self-efficacy.
Consequently, the integration of AI technologies into educational
contexts amplifies the effectiveness of explicit knowledge-sharing
behaviors, further reinforcing their positive impact on learners’
beliefs in their own academic capabilities. Based on the existing
literature and the transformative potential of AI in educational
knowledge-sharing, we formulate the following hypothesis:

H2: Explicit knowledge is positively associated with academic
self-efficacy.

D. ACADEMIC SELF-EFFICACY AND SECOND
LANGUAGE ACQUISITION

As a task-specific construct, self-efficacy is shaped by contextual
factors. According to [56], the evaluation of self-efficacy varies with
the nature of the task, making academic self-efficacy a domain-
specific measure rather than a generalized trait. As noted by [57],
linguistic competencies are distinct from other knowledge types,
requiring a nuanced understanding of learners’ confidence and
motivational states in second language learning contexts. Although
the construct of self-efficacy has been widely examined in relation to
general academic performance, relatively few studies have focused
on its role in FLA. Earlier research typically explored self-efficacy
through limited dimensions such as language learning strategies,
language anxiety, attributions, and sustainable performance. Scho-
lars have lately come to acknowledge that self-efficacy plays a vital
role in determining how well second language learners do in various
settings [58–61]. Learners’ levels of engagement, perseverance,
effort, and dependence on self-regulatory learning strategies are
significantly impacted by their self-efficacy, according to empirical
research. While there is some evidence that students’ self-efficacy
mediates the connection between their aptitudes and their long-term
performance outcomes, the vast bulk of this research has only looked
at correlations [62]. Vocabulary retention, reading comprehension,
and speaking fluency are just a few areas where students’ self-
efficacy has been shown to have a lasting influence [63–67].

Given the growing importance of personalized learning en-
vironments, further exploration is needed into how academic self-
efficacy can be fostered within educational institutions, particularly
in the context of SLA. Academic self-efficacy, viewed through a

cognitive-motivational lens, involves learners assessing their abil-
ity to successfully perform specific academic tasks [27]. Learners
with low self-efficacy often doubt their capacity to learn, leading to
avoidance or withdrawal from cognitively demanding activities
[68]. Conversely, high self-efficacy promotes adaptive learning
behaviors, including proactive help-seeking, sustained effort, and
the ability to persist through academic challenges [60,69]. These
learners are also more likely to engage emotionally and intellectu-
ally with their academic tasks, exhibiting higher levels of academic
engagement and cognitive strategy use [70–72]. Artificial Intelli-
gence (AI) offers powerful tools to enhance academic self-efficacy
among language learners. AI-driven language learning platforms
such as Duolingo, Rosetta Stone, and GPT-based conversational
agents can provide personalized, adaptive feedback that supports
learners in identifying their strengths and targeting areas of
improvement. By dynamically adjusting task difficulty and offer-
ing real-time encouragement, AI systems foster a sense of progres-
sion, which is critical for reinforcing learners’ self-beliefs.

Moreover, AI-powered analytics can track learning behaviors
and provide visual dashboards that help learners self-monitor their
progress, increasing their metacognitive awareness and self-regu-
lation capabilities—both of which are central to academic self-
efficacy. Additionally, immersive AI technologies such as virtual
reality and NLP enable learners to practice in simulated environ-
ments that reduce performance anxiety while providing meaningful
interaction, which contributes to increased confidence and skill
mastery. By tailoring learning pathways and enabling instant
feedback loops, AI significantly contributes to the development
of self-efficacy in language learners, especially in asynchronous or
self-directed learning environments. As learners perceive that their
actions—guided and informed by AI tools—lead to measurable
improvements in performance, their belief in their ability to acquire
a new language is strengthened. Based on the existing literature and
the expanding role of AI in enhancing learner confidence and
engagement, we propose the following hypothesis:

H3: Academic self-efficacy is positively associated with SLA.

E. MODERATING ROLE OF TEACHER’S EI

Academic and professional interest in studying the function of EI in
classrooms has increased since Goleman’s publication of “Emo-
tional Intelligence” [73]. While aspects like emotional and social
abilities form 80% of what contributes to life achievement, conven-
tional intelligence quotient or academic intelligence only accounts
for a portion, about 20%, according to Goleman’s research [74]. In
response to this realization, educational goals have shifted to place a
greater emphasis on developing students’ EI in addition to their
cognitive abilities [75,76]. There is a lot of research that looks at how
EI relates to teachers’ self-efficacy, especially in educational and
language learning settings. In one study, researchers in Shiraz, Iran,
found that EI and self-efficacy were positively and statistically
correlated among secondary school teachers. The intrapersonal EI
component also offered the most convincing explanation for tea-
chers’ self-perceptions of effectiveness out of 169 Italian educators
questioned [78]. Studying 89 EFL (English as a Foreign Language)
instructors from various schools, researchers also found substantial
relationships between EI and self-efficacy [79]. Additionally,
research involving EFL teachers revealed a positive association
between EI and teacher effectiveness, independent of demographic
variables such as gender, age, or years of experience.

Despite these insights, most studies have been conducted in
pre-university settings, with limited exploration of these dynamics
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among university-level educators. Given the different structural,
pedagogical, and cultural dynamics in higher education, as noted
by [80], it is critical to investigate how EI shapes teacher efficacy
within university contexts—particularly in areas involving com-
plex knowledge transfer, such as tacit and explicit knowledge
sharing. In this light, AI offers a transformative lens through which
the moderating role of EI can be better understood and operatio-
nalized. Intelligent systems powered by machine learning and NLP
now enable the assessment and support of EI competencies among
educators. For instance, AI-based platforms can analyze classroom
interactions, voice tone, and facial expressions to provide real-time
feedback to educators on their emotional responsiveness, interper-
sonal communication, and engagement with students.

Additionally, emotion-aware AI tools, such as affective com-
puting systems, can assist teachers in adapting their knowledge-
sharing strategies (both tacit and explicit) based on students’ emo-
tional and cognitive states. These systems can foster more emotion-
ally intelligent pedagogical approaches by alerting teachers to signs
of student frustration, disengagement, or confusion—factors directly
linked to academic self-efficacy. This AI-assisted awareness helps
educators modulate their responses, provide timely encouragement,
and tailor explanations, thereby increasing students’ confidence and
learning outcomes. Moreover, AI can serve as a professional
development tool, helping university teachers build their EI through
personalized training modules, simulated classroom scenarios, and
emotion recognition feedback. Such training, when combined with
AI-driven performance analytics, can enhance teachers’ abilities to
share knowledge effectively and empathetically—key elements in
boosting students’ self-efficacy. In sum, the integration of AI into
educational environments enriches the interplay between EI and
knowledge-sharing practices. It provides a data-informed, personal-
ized, and scalable means to strengthen the emotional and instruc-
tional competencies of educators, particularly in higher education
settings where autonomous learning, self-efficacy, and knowledge
transfer are vital. Based on the literature and the evolving educational
landscape augmented by AI, we propose the following hypotheses:

H4: Tacit knowledge and academic self-efficacy are moder-
ated by teachers’ EI.

H5: Explicit knowledge and academic self-efficacy are mod-
erated by teachers’ EI.

III. RESEARCH METHODOLOGY
A cross-sectional design is used to test the theoretical framework
[81]. Members of the teaching staff at both public and private
universities in China were surveyed. From October 2022 through
December 2022, data were gathered using a combination of
convenience and selective sampling methods. A research assistant
personally sent self-administered questionnaires to each depart-
ment’s faculty members in addition to a letter seeking their
involvement and support in this study. The total number of surveys
sent out was 460. After removing surveys with missing or partial
information, 347 were retained for further research out of 460 that
were originally disseminated. The encouraging thing is that 73.26
percent of people responded. According to structural equation
modeling (SEM), which was used in this investigation, the sample
size seems to be appropriate [82]. Male instructors made up 47.3%
of the sample, while female students made up 52.7%. Of the
instructors surveyed, 55.3% were in the 31–40 age bracket,
23.1% were in the 41–50 age bracket, and 21.1% were in the
20–30 age bracket. Numerous instructors have positions such as
senior lecturer or associate professor, and the vast majority of them

have doctoral degrees. Their years of expertise in the field range
from five to eight and nine to eleven. In Table I, you can see the
mentioned statistics.

A. MEASUREMENT SCALE

Questionnaires were used to gather data, and all of the construct
elements were taken from preexisting sources. In order to ensure that
the questionnaire was legitimate, a pilot survey was conducted with
50 educators from a higher-education institution. The question-
naire’s validity was enhanced by the implementation of revisions
and refinement of the instrument based on the findings of the pilot
survey. Then, after a quick pilot survey with randomly chosen
participants, the process was repeated with 25 professors from other
colleges to ensure the instrument was accurate. There are a total of
seventy-three items in the survey. Two separate factors, tacit and
explicit knowledge, were the subject of this study. Tacit knowledge
sharing is defined in this research as an organizational or departmen-
tal norm of open communication and cooperation between workers
that promotes the free flow of information and expertise amongst
workers [30]. A 5-item scale that was created by [30] was used to
assess tacit knowledge exchange. A total of five questions were
modified from previous references in order to assess explicit knowl-
edge exchange [83,84]. A 22-item scale developed by [85] was used
to evaluate the dependent variable of second language learning. To
evaluate the EI of the educators, Salovey andMayer (1990) created a
33-item test. The last step inmeasuring academic self-efficacy was to
modify 12 questions originally found in [86]. The items were
analyzed using a 5-point Likert scale, where 1 indicates Strongly
Disagree, 2 indicates Disagree, 3 indicates Neutral, 4 indicates
Agree, and 5 indicates Strongly Agree. The study’s instrument
was chosen for its efficacy and convenience of use, making it
suitable for data collection within a quantitative framework.

In this work, quantitative research was conducted using PLS-
SEM (partially least squares SEM) [87]. Since the PLS-SEM
approach does not undergo the typical assumption testing that is
standard for this method, we used standard respondent data [82]. In

Table I. Descriptive statistics

Categories Items Frequency Percent

Gender Female 183 52.7

Male 164 47.3

Age 20–30 73 21.0

31–40 192 55.3

41–50 80 23.1

>50 2 .6

Education Bachelor 52 15.0

MS/M.Phil. 84 24.2

PhD 211 60.8

Working period as a
teacher

<5 26 7.5

5–8 124 35.7

9–11 118 34.0

>11 79 22.8

Position Lecturer 53 15.3

Senior lecturer 120 34.6

Associate
professor

115 33.1

Professor 59 17.0
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addition, analysts have a flexible tool at their disposal with smart
PLS to tackle issues with data normality and sample size limits.
Because it can deal with different structural routes and many
equations, the PLS approach was used [88]. Similarly, when
numerous theories support a model, it is considered suitable.
External variables that impacted academic self-efficacy included
tacit and explicit knowledge. While learning a second language is
an internal variable, academic self-efficacy is an external one that
could affect it. One important moderating aspect is EI. After that,
we ran the bootstrapping method after implementing the PLS
algorithm. We used measurement modeling to evaluate the data,
and then we moved on to structural modeling.

IV. RESULTS
Considerations of composite reliability, average variance extracted
(AVE), and factor loading formed the basis of the assessment of the
measurement model [82]. All study variables have Cronbach’s
alpha cutoff values of more than 0.70; an appropriate cutoff value is
0.8 or above [87]. Therefore, the statistics show that the scale is
reliable enough to be used for future research. There are Cron-
bach’s alpha values for every variable in Table II. Factor loadings
for all items of the under-studied variables in the research were 0.70
or higher, as per the recommendation. Furthermore, every single

Table II. Assessment of the measurement model

Items Factor loading α CR AVE Items Factor loading α CR AVE

Academic self-efficacy 0.892 0.917 0.540 Emotional Intelligence 0.943 0.947 0.560

ASE1 0.798 EI1 0.684

ASE10 0.797 EI10 0.608

ASE11 0.671 EI11 0.734

ASE12 0.423 EI12 0.722

ASE2 0.813 EI13 0.658

ASE3 0.777 EI14 0.596

ASE4 0.831 EI15 0.575

ASE5 0.838 EI16 0.577

ASE6 0.842 EI17 0.600

ASE8 0.681 EI18 0.559

ASE9 0.848 EI19 0.586

Second Language Acquisition 0.813 0.763 0.515 EI2 0.683

SLA1 0.754 EI20 0.590

SLA10 0.824 EI21 0.566

SLA11 0.752 EI22 0.493

SLA12 0.822 EI23 0.523

SLA13 0.873 EI24 0.555

SLA14 0.500 EI25 0.505

SLA15 0.469 EI26 0.523

SLA16 0.595 EI27 0.779

SLA17 0.524 EI8 0.701

SLA18 0.532 EI29 0.724

SLA19 0.494 EI3 0.710

SLA2 0.418 EI30 0.528

SLA9 0.892 EI31 0.701

SLA21 0.654 EI32 0.753

SLA22 0.677 EI33 0.887

SLA3 0.894 EI4 0.729

SLA4 0.539 EI9 0.695

SLA5 0.779 EI6 0.671

SLA6 0.756 EI7 0.746

Tacit Knowledge 0.900 0.926 0.713 Explicit Knowledge 0.770 0.805 0.546

TK1 0.844 EK1 0.827

TK2 0.845 EK2 0.862

TK3 0.852 EK3 0.744

TK4 0.833 EK4 0.840

TK5 0.849 EK5 0.708

Abbreviations: TK stands for tacit knowledge and EK for explicit knowledge, ASE for Academic self-efficacy, SLA for Second Language Acquisition, EI for Emotional
Intelligence, α stands for Cronbach’s alpha, CR stands for composite reliability, and AVE is for average variance extracted.
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research variable’s composite reliability (CR) value was greater
than or equal to 0.70. 89 came up with a way to remove items from
reflective scales that had loadings between 0.40 and 0.70, in order
to see whether this improved the CR and AVE. Items measuring
EI5 and self-efficacy in academics (ASE7), as well as SLA (SLA7,
SLA8, and SLA20), were omitted. Factor loadings, CR, and AVE
predictions will all be higher than the suggested cutoff values when
some components are removed. We may now proceed with
structural modeling analysis, since our study model has shown
convergent validity.

Additionally, the heterotrait-monotrait (HTMT) method, as
proposed by [90], was utilized. The assessment of the discriminant
validity of the HTMTwas conducted through two distinct methods.
The initial phase involved establishing the threshold value through
the application of HTMT. The presence of inadequate discriminat-
ing validity was suggested when the HTMT value exceeded a
certain threshold. There exists ongoing discussion about the appro-
priate threshold value for HTMT when the correlation approaches
one. Some studies have proposed a cutoff value of 0.85, whereas
others have indicated a cutoff value of 0.90 [87]. Secondly, we
established discriminant validity by examining the range of values
for the HTMT, which was found to be less than 1. The removal of
number 1 from the interval range illustrates that the variables are
clearly defined from an empirical perspective. The findings pre-
sented in Table III indicate that the HTMT values between the
constructs are all below 0.85. Therefore, it can be inferred that this
study recognized discrimination validity.

After the measurement model was assessed to establish the
reliability and validity of the constructs, the structural model was
subsequently evaluated to examine the hypothesized relationships

among the latent variables [89]. The structural models were
evaluated using t-values and beta as key performance indicators.
Table IV shows the results of using bootstrapping to find the direct
hypotheses’ route coefficients in Smart PLS 4. A comparison with
predefined threshold values (t> 1.645, P< 0.05) was used to
establish the hypothesis’ validity. We used four criteria to examine
the direct and indirect effects of SEM. By evaluating the R2 values
of the endogenous latent constructs, the first step was to determine
the total variance explained by each variable. In accordance with
[91], the significance level of an inquiry determines the value of R2,
with values of 0.13 indicating moderate significance, 0.26 repre-
senting strong significance, and 0.09 indicating poor significance.
Further analysis using the direct effect model showed that academic
self-efficacy was an endogenous variable with an R2 of 0.394 in this
study. This suggests that EI, tacit knowledge, and explicit knowl-
edge may all predict a 93.1% shift in academic self-efficacy.
Academic self-efficacy may explain 55.9% of the variance in
second language learning, according to the coefficient of determi-
nation (R2) values. Table IV demonstrates that the model’s pre-
dicted accuracy was rather good (see Fig. 2).

Table III. HTMT analysis

Constructs
Academic Self-

Efficacy
Emotional
Intelligence

Explicit
Knowledge

Second Language
Acquisition

Tacit
Knowledge

Academic Self-Efficacy

Emotional Intelligence 0.531

Explicit Knowledge 0.770 0.526

Second Language
Acquisition

0.513 0.126 0.235

Tacit Knowledge 0.377 0.410 0.661 0.596

Table IV. PLS determination coefficients

Variables R2
R2

adjusted
Predictive Relevance (Q2)

Values

ASE 0.821 0.819 0.452

SLA 0.595 0.565 0.446

Fig. 2. Structural equations model.
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The second step was to find the model’s predictive relevance
(Q2) values using the cross-validation redundancy technique [89].
The model’s predictive relevance is deemed satisfactory when Q2
values are greater than zero, as seen in Table IV (also presented in
Fig. 2). The number is 0.542 for the indirect influence of TK, EK,
and EI on ASE, and 0.464 for the direct effect of ASE and SLA.

As indicated in the table, the findings reveal that tacit knowl-
edge has a positive and substantial influence on ASE (β= 0.121,
P< 0.05), explicit knowledge has an effect on ASE (β= 0.8351,
P< 0.05), and ASE has an effect on SLA (β= 0.253, P< 0.05).
This led to the acceptance of all three directed hypotheses (H1, H2,
and H3). Furthermore, the amount of the exogenous (independent)
variable’s influence on the endogenous (dependent) variable is
determined by effect size (f2), which is the impact of an indepen-
dent variable on the dependent (f2). According to [91], effect sizes
ranging from 0.02 to 0.25 are considered small, those between 0.25
and 0.35 are regarded as moderate, while values exceeding 0.35 are
classified as high. The impact sizes for TK to ASE, EK to ASE,
ASE to SLA, moderator EI to TK and ASE, and EK and ASE are
1.151, 3.833, 1.541, 1.148, and 1.194, respectively, as shown in
Table V. A review of the literature reveals that these external
variables impact endogenous variables in moderate to substantial
ways. The findings indicated that H4 and H5 were both accepted
because the association between TK and ASE (β= 0.132, P< 0.05)
and EK and ASE (β= 0.211, P< 0.05) was positively and signifi-
cantly affected by the moderating effect of EI.

V. DISCUSSION
It has been confirmed that knowledge acquisition is strongly related
to sustainable development [92]. This study focused on the ante-
cedents of acquiring a new language, particularly because the
capacity to acquire and absorb knowledge can greatly influence
the environmental, social, and economic dimensions of sustainabil-
ity [93]. The current research aimed to examine whether tacit and
explicit knowledge sharing among Chinese university teachers
influences their academic self-efficacy, with EI acting as a modera-
tor. Moreover, it investigated whether academic self-efficacy posi-
tively affects SLA. The findings revealed that both tacit and explicit
knowledge significantly and positively impact academic self-effi-
cacy among university teachers. These results align with the con-
clusions of [52,94], who confirmed that tacit knowledge-sharing is
significantly associated with self-efficacy. This supports the argu-
ment that confidence and self-efficacy are prerequisites for engaging
in effective tacit knowledge exchange. Furthermore, the results
suggest that greater explicit knowledge sharing enhances teachers’
academic self-efficacy, corroborating earlier studies such as [95].

The study’s main takeaway is that EI is a powerful mediator
between students’ perceptions of their own academic competence

and their level of tacit and explicit knowledge. Previous studies
have shown a favorable correlation between EI and self-efficacy in
the English teaching profession, and our results are in line with
those studies [77,79]. Teachers in both elementary and secondary
schools were shown to have a strong relationship between EI and
self-efficacy in a study conducted by [96]. It is clear from compar-
ing the results of this study with those of previous research that EI is
crucial in enhancing academic self-efficacy across all levels of
schooling and types of institutions. Importantly, the study also
established that academic self-efficacy significantly contributes to
SLA. As proposed by [97], teachers’ belief in their own abilities
motivates them to enhance their professional practices, which in
turn positively influences students’ academic performance in lan-
guage learning. Teachers with high self-efficacy demonstrate
greater commitment, utilize more engaging pedagogical methods,
and create supportive learning environments. This finding is re-
inforced by [98], who noted that innovative and confident teachers
employ creative strategies to make learning more enjoyable and
impactful, thereby increasing students’ motivation and knowledge
retention.

As AI becomes more prevalent in educational settings, the
results of this research become even more significant. An abun-
dance of explicit and tacit information may be found in AI-powered
products like intelligent tutoring systems, adaptive learning plat-
forms, and language learning applications like Duolingo,
ChatGPT, and Grammarly, among others. Educators with high
levels of EI and self-efficacy are more likely to adopt these AI
technologies, integrate them into their lessons, and help their
students learn more successfully via individualized feedback
and assistance. Moreover, AI can serve as a medium for tacit
knowledge sharing by simulating expert behaviors, enabling vicar-
ious learning, and offering verbal and non-verbal cues through
interactive interfaces. Thus, fostering teachers’ academic self-
efficacy and EI not only enhances their capacity to share and apply
knowledge but also empowers them to fully leverage AI innova-
tions in second-language instruction. Ultimately, this leads to more
sustainable and effective language acquisition outcomes in the
modern digital age.

A. IMPLICATIONS FOR THEORY AND PRACTICE

Important theoretical advances are made by this work. To start
with, it helps us comprehend more fully how both implicit and
explicit forms of information sharing impact students’ capacity to
believe in their own abilities to succeed in school. Additionally, it
delves into the ways in which knowledge-sharing impacts second
language learning, taking into account social, cognitive, and
contextual factors. By doing so, the study not only constructs a
comprehensive theoretical framework but also offers practical

Table V. Results of the structural equations model

Hypotheses Relationship among Variables β Sample mean S.D. T Values F square P values Remarks

Direct Effect

H1 TK -> ASE 0.121 0.122 0.024 5.001 1.151 0.000 Supported

H2 EK -> ASE 0.835 0.832 0.023 36.004 3.833 0.000 Supported

H3 ASE -> SLA 0.253 0.229 0.051 6.322 1.541 0.016 Supported

Indirect Moderating effect

H4 EI x TK -> ASE 0.132 0.133 0.053 2.880 1.148 0.018 Supported

H5 EI x EK -> ASE 0.211 0.212 0.064 3.463 1.194 0.033 Supported
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evidence through empirical examination of these relationships.
Additionally, it highlights how teachers’ EI can amplify the posi-
tive effects of knowledge-sharing behaviors on self-efficacy. From
a practical standpoint, the study provides valuable guidance for
curriculum designers and educational policymakers. It underscores
the importance of fostering teachers’ confidence by promoting EI
development—an essential factor that enhances the likelihood of
successful knowledge exchange. The findings show that when
teachers actively engage in sharing both tacit and explicit knowl-
edge, their academic self-efficacy improves, particularly in envir-
onments that support collaboration and emotional awareness.

This research offers actionable insights for academic institu-
tions. Training programs, workshops, and professional develop-
ment seminars can be designed to cultivate EI and emphasize the
importance of collaborative teaching practices. Hiring emotionally
intelligent educators who value knowledge-sharing can lead to the
creation of a supportive and confident teaching workforce. Institu-
tions should also cultivate a strong knowledge-sharing culture
through structured brainstorming sessions, communities of prac-
tice, and peer learning initiatives. Importantly, the integration of AI
can enhance these processes. Artificial intelligence (AI)-driven
tools—such as intelligent content recommendation systems, virtual
mentoring platforms, and language acquisition apps—can serve as
powerful facilitators of both explicit and tacit knowledge exchange.
Teachers with strong self-efficacy and EI are more likely to engage
with these AI tools effectively, leveraging them to enhance student
learning outcomes and foster collaborative professional develop-
ment. Moreover, AI can simulate expert behavior, offer adaptive
feedback, and even track emotional cues, all of which support
teachers in developing both their teaching competence and
confidence.

Second language learning remains a challenging endeavor that
requires empowered, confident educators. When teachers are emo-
tionally intelligent and supported by AI technologies, they are
better equipped to communicate effectively, foster engaging learn-
ing environments, and continuously enhance their own profes-
sional capabilities. Thus, integrating EI training and AI
technologies within teacher development programs can be a trans-
formative step toward improved second language education.

B. LIMITATIONS AND FUTURE RESEARCH
DIRECTIONS

Although this work used unique theoretical models and applied
rigorous analytical techniques to guarantee the findings’ robustness
and dependability, it does have significant shortcomings that may
be addressed in future research. Both the sample size and the
intended audience are constrained by the first factor. The results
may not be applied to a broader population since the research only
used data from one region in China. To enhance external validity,
future researchers are encouraged to increase the sample size and
gather data from universities across multiple provinces, thereby
providing a more diverse and representative understanding of the
phenomenon. Secondly, the reliance on self-reported data from a
single source raises the possibility of common method bias. To
mitigate this in future studies, data should be collected from
multiple sources, such as peer evaluations, supervisors, and depart-
ment heads. This triangulation would strengthen the validity of the
findings and provide a more comprehensive perspective on aca-
demic self-efficacy and knowledge-sharing behaviors.

Artificial Intelligence (AI) can also play a pivotal role in
addressing some of these limitations. For instance, AI-based data

collection tools can help automate and expand respondent reach,
enabling real-time surveys and feedback from a broader popu-
lation across various regions. Moreover, AI-driven analytics can
detect and control for response biases, including social desir-
ability and common method variance. Sentiment analysis and
NLP techniques could also be employed to analyze open-ended
responses and behavioral data from digital platforms used by
teachers, offering more objective insights beyond self-reporting.
Additionally, AI tools such as learning analytics dashboards
can assist institutions in tracking and validating teacher engage-
ment, knowledge-sharing behavior, and EI in real-time,
offering a richer, multi-source data stream for future academic
inquiries. Integrating AI into future research designs can
thus not only improve data quality but also provide deeper,
more nuanced insights into the factors affecting SLA and teacher
development.

C. CONCLUSION

This study contributes significantly to the understanding of how EI,
tacit and explicit knowledge-sharing behaviors, and academic self-
efficacy interact to influence SLA in AI-supported environments.
Drawing upon the broaden-and-build theory and social cognitive
theory, we proposed and empirically tested a model that demon-
strates the centrality of EI as a mediating factor in the relationship
between knowledge sharing and academic self-efficacy. The find-
ings affirm that both tacit and explicit knowledge-sharing beha-
viors positively impact teachers’ academic self-efficacy, with
emotionally intelligent educators being more effective in leverag-
ing these knowledge forms to support their professional roles.
Furthermore, academic self-efficacy emerged as a critical enabler
of effective second language instruction, highlighting the impor-
tance of teacher confidence in achieving successful learning out-
comes. The integration of AI technologies has added a
transformative dimension to the second language teaching process.
Artificial intelligence (AI) tools such as adaptive learning systems,
intelligent tutoring platforms, and emotion-aware applications can
facilitate the transfer of both explicit and tacit knowledge. These
technologies provide teachers with real-time feedback, personal-
ized instructional recommendations, and tools for emotional track-
ing, all of which contribute to the development of a more
responsive and engaging teaching environment. Our results
show that emotionally intelligent teachers with high self-efficacy
are more willing and capable of integrating these AI tools into their
pedagogy, leading to more sustainable and effective language
learning experiences for students.

From a theoretical perspective, this research advances the
literature by combining emotional, cognitive, and technological
dimensions into a unified framework. It sheds light on the mechan-
isms through which knowledge-sharing behaviors and emotional
capacities converge to shape teacher effectiveness in second
language education. It also addresses an underexplored area in
prior research by focusing on individual-level dynamics rather than
organizational-level knowledge management in the context of AI
integration. Importantly, this work underscores that teacher devel-
opment must move beyond content mastery alone and focus on
cultivating EI and collaborative practices to maximize the benefits
of AI-enhanced learning environments. Practically, this study
offers actionable recommendations for educators, administrators,
and policymakers. Institutions should design professional devel-
opment programs that emphasize EI training, promote collabora-
tive knowledge-sharing practices, and support the integration of AI
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tools into the curriculum. Fostering a supportive learning environ-
ment where educators feel confident, valued, and technologically
empowered can significantly enhance language learning outcomes.

By encouraging a culture of emotional awareness and knowl-
edge exchange, educational institutions can prepare teachers not
only to meet current challenges but also to drive innovation in
second language instruction. In sum, as education continues to
evolve in response to technological advancements and shifting
pedagogical paradigms, the role of emotionally intelligent, self-
efficacious teachers becomes increasingly pivotal. This study
confirms that empowering teachers with the emotional and cogni-
tive tools to navigate AI-integrated classrooms is essential for
cultivating meaningful, effective, and sustainable SLA in the
digital age.
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