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Abstract 

This study investigates how English as a Foreign Language (EFL) learners’ beliefs about technology 
acceptance predict their task-specific enjoyment and boredom during an AI-mediated speaking practice 
course. Specifically, it examines how perceptions of ease of use and usefulness influence both general and 
specific aspects of enjoyment (including task characteristics, personal enjoyment, and social interactions) 
and boredom (including task characteristics, personal boredom, and social interactions) in language 
learning. Data were collected from 141 Iranian EFL learners participating in an online speaking class. 
To enhance the precision and accuracy of the analyses, preliminary procedures identified the optimal 
measurement structure for enjoyment and boredom, leading to the adoption of a bifactor exploratory 
structural equation modeling (bifactor-ESEM) representation. The study then used a structural model to 
validate the relationships among learners’ perceptions and their emotional experiences. The findings 
highlight the predictive role of technology acceptance beliefs in shaping both general and specific facets 
of enjoyment and boredom, with global task-specific enjoyment negatively associated with global task-
specific boredom. These results may inform the design of emotionally supportive Intelligent Computer-
Assisted Language Learning (ICALL) activities tailored to the tasks’ unique demands and provide deeper 
insights into learners’ experiences and emotional well-being. 
Keywords: intelligent computer-assisted language learning; technology acceptance beliefs; task-specific 
emotions; bifactor exploratory structural equation modeling  
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Introduction 

In recent years, Intelligent Computer-Assisted Language Learning (ICALL) tools have transformed 
second language acquisition (SLA), providing personalized, flexible, and interactive learning experiences 
that differ significantly from traditional classroom settings (Liu & Ma, 2023; Rezai et al., 2024; Yang & 
Li, 2024). This study examines a hybrid ICALL environment where ChatGPT, an advanced AI 
conversational agent, facilitates English as a Foreign Language (EFL) learners’ speaking tasks, 
integrating individual preparation, group work, peer interactions, and whole-class discussions to create a 
dynamic and socially engaging learning context. As ICALL becomes increasingly integral to language 
education, understanding the emotional dynamics within these environments is critical for optimizing 
learner engagement and performance (Kruk & Kałużna, 2024; Liu & Chang, 2024; Yuan & Liu, 2024; 
Zare et al., 2022; Zhang et al., 2024). 

While research on general and skill-specific emotions in SLA—such as foreign language enjoyment 
(FLE), boredom (FLB), and anxiety (FLA)—has grown (Dewaele & MacIntyre, 2014; Fathi et al., 2024; 
Pawlak et al., 2020), little attention has been paid to task-specific emotions within hybrid ICALL settings. 
This gap is significant because the unique blend of AI-supported tasks and human-centered interactions in 
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ICALL makes task-level emotions distinct, central, and diagnostically valuable. Existing emotion 
research in SLA has predominantly relied on situation-independent scales, such as the Foreign Language 
Enjoyment Scale (Dewaele & MacIntyre, 2014), Foreign Language Classroom Anxiety Scale (Horwitz et 
al., 1986), and Foreign Language Learning Boredom Scale (Li et al., 2024), which measure trait emotions 
over weeks or months. These scales are less effective at capturing the dynamicity, situatedness, and 
specificity of emotions tied to specific tasks (Li & Dewaele, 2024).  

We argue that task length serves as a meaningful timescale for analyzing emotions in ICALL, bridging 
the gap between long-term trait emotions and specific state emotions. In ICALL, learners engage with 
ChatGPT for task preparation (e.g., brainstorming, refining content, receiving feedback) while performing 
speaking tasks involving peer collaboration and classroom discussions (Moussalli & Cardoso, 2020). 
These task-oriented, modular interactions, blending individualized AI support with collaborative 
activities, elicit emotions tied to immediate task features, such as difficulty, AI feedback quality, or group 
dynamics. Thus, a task-specific emotional approach is not merely an extension of SLA emotion research 
but a necessary lens to capture the emotional granularity of ICALL interactions. Despite its relevance, 
empirical research on task-level emotions in ICALL remains limited, with prior studies often lacking a 
clear conceptual framework for task enjoyment (TE) and task boredom (TB) in  
AI-mediated contexts (An & Li, 2024; Li & Dewaele, 2024). 

Equally critical is the role of technology acceptance (TA) beliefs, particularly perceived usefulness (PU) 
and perceived ease of use (PEOU), which influence learners’ engagement in ICALL settings (Liu & Ma, 
2023). Yet, the interplay between TA beliefs and task-specific emotions remains underexplored, leaving 
open questions about how cognitive and emotional appraisals co-construct learners’ affective experiences 
during ICALL tasks. To address these gaps, this study employs the bifactor exploratory structural 
equation modeling (bifactor-ESEM) framework to examine task-specific emotions in ICALL. This 
approach enables the identification of both global (G-factors) and specific (S-factors) emotional 
dimensions, offering a nuanced analysis of TE and TB (Alamer et al., 2023; Morin et al., 2015). The 
objectives are to (1) identify the multidimensional structure of TE and TB among EFL learners in L2 
speaking ICALL, (2) examine the associations between G- and S-factors, and (3) explore the predictive 
role of PU and PEOU in shaping these emotional dimensions. 

Literature Review 

Artificial Intelligence in Language Learning  
The rapid advancement of AI has garnered significant interest for enhancing second language (L2) 
learning, particularly within computer assisted language learning (CALL). AI tools provide personalized, 
interactive opportunities, especially for improving speaking skills through instant feedback and low-
anxiety environments (Fathi et al., 2024; Guo & Wang, 2024; Kruk & Kałużna, 2024; Liu et al., 2024a, 
2024b; Liu & Ma, 2023; Muniandy & Selvanathan, 2024; Tai & Chen, 2024; Wang & Xue, 2024; Zou et 
al., 2024). AI tools facilitate autonomous learning by providing instant feedback and adaptive tasks 
tailored to learners’ needs, making them particularly effective for improving EFL speaking proficiency. 

From a sociocultural perspective, AI-mediated speaking tasks align with interactionist principles by 
facilitating input, output, and negotiation of meaning (Long, 2017). Social constructivist ideas (Vygotsky, 
1980) further support the notion that collaborative interactions, including those with AI tools such as 
chatbots, enable learners to co-construct knowledge, although empirical evidence on their application to 
digital contexts remains limited. The Technology Acceptance Model (TAM) also offers a lens through 
which to understand learners’ motivational and emotional engagement with AI tools (Davis, 1989). 
Research increasingly links learners’ perceived usefulness, perceived ease of use, and affective states as 
critical factors influencing task engagement and performance in ICALL settings (Chen et al., 2024; 
Huang & Mizumoto, 2024; Liu et al., 2023). 

Research shows AI’s efficacy in boosting EFL speaking performance. For instance, Zou et al. (2024) 
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found that EAP Talk, an AI speech evaluation system, significantly improved pronunciation, grammar 
accuracy, and oral presentation skills, offering convenience and flexibility for autonomous learning. 
Moreover, Fathi et al. (2024) examined an AI-mediated chatbot and found significant improvements in 
learners’ fluency, coherence, and lexical range compared to traditional face-to-face interactions. This 
suggests that AI-based chatbots can effectively scaffold language production by providing consistent and 
personalized interaction opportunities. They also reported that learners using an AI chatbot experienced 
greater improvements in speaking fluency and L2 willingness to communicate (WTC).  

Some studies show the AI’s effect on learners’ emotional responses and beliefs about technology. Liu et 
al. (2024a) investigated AI-mediated informal digital learning of English (AI-IDLE) among Chinese EFL 
learners, and found that tools such as ChatGPT and Bing Chat were perceived as useful tutors and 
conversation partners, enhancing fluency and WTC in low-stakes, informal settings. Their mixed-method 
study, grounded in the TAM, revealed that perceived PU emerged from hands-on experimentation, while 
intention to use grew as learners navigated AI affordances and constraints, such as response accuracy or 
interface limitations. Liu et al. (2024b) further explored AI-IDLE among Chinese undergraduate students, 
revealing that enjoyment, driven by learners’ ideal L2 self (their envisioned proficient self), significantly 
predicted engagement in AI-mediated speaking activities. Their findings suggest that enjoyment partially 
mediates the relationship between motivational factors and AI-IDLE participation. In the context of 
elementary-level EFL learners, Tai and Chen (2024) investigated the use of an AI chatbot (CoolE Bot) 
and found that both individual and paired interactions with the chatbot led to significant gains in speaking 
proficiency. These studies highlight that AI chatbots can reduce anxiety and increase confidence among 
young learners, fostering a more engaging and supportive learning environment.  

These studies underscore AI’s potential to create supportive, low-anxiety environments for speaking 
practice, but their focus on general performance or informal learning overlooks the role of task-specific 
design in eliciting emotions such as TE and TB. For instance, Tai and Chen (2024) highlight reduced 
anxiety but offer limited analysis of how task structure—e.g., feedback quality, task variety, or interface 
design—affects sustained engagement or emotional valence. Liu et al. (2024a) emphasize perceived 
usefulness but do not address how structured ICALL tasks influence transient emotional states. Similarly, 
Liu et al. (2024b) provide valuable insights into enjoyment’s role in informal settings, but their focus on 
broad motivational dynamics does not explore how specific task features elicit TE or TB in controlled 
ICALL environments. The present study addresses this gap by examining how task-specific features in 
AI-mediated L2 speaking tasks elicit TE and TB, offering a granular perspective on emotional dynamics 
and their impact on learner engagement. 

The Role of Emotions  
In ICALL settings, several studies have indicated that emotions significantly influence language learning 
outcomes (Kruk & Kałużna, 2024; Li, Wei, et al., 2024; Liu & Chang, 2024; Taherian et al., 2023; Zare et 
al., 2022). Two ubiquitous emotions that are experienced by language learners are FLE and FLB 
(Dewaele & MacIntyre, 2014; Pawlak et al., 2020). FLE is a positive affective state encompassing 
elements of challenge, happiness, interest, fun, pride, and a sense of meaning (Dewaele & MacIntyre, 
2014). In ICALL environments, AI applications can enhance FLE by providing a less threatening 
environment and authentic communication experiences. FLB, defined as a state of disengagement caused 
by a lack of interest and involvement (Pawlak et al., 2020), can severely impede language learning. 
According to control value theory (CVT), boredom can diminish learners' motivation and cognitive 
engagement, leading to poorer learning outcomes (Pekrun, 2024; Kruk et al., 2022a; Kruk et al., 2023; 
Liu et al., 2024)). 

 
AI tools can also mitigate negative emotions, such as anxiety and boredom. Zhang et al. (2024) found AI 
tools reduced anxiety and promoted well-being, but Kruk and Kałużna (2024) highlighted that over-
reliance on AI could induce anxiety. While FLE and FLA are well-explored, FLB remains underexamined 
in ICALL. Addressing FLB alongside positive emotions is vital to maintain interest and prevent 
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disengagement in learning environments, a gap this study targets by examining boredom’s impact on EFL 
speaking practice with ChatGPT. Moreover, the interplay between positive and negative task-specific 
emotions, such as TE and TB, also remains underexamined, particularly how they interact with task 
design and feedback quality in ICALL, a key focus of this study. 

The Role of Beliefs in Shaping Emotions 
The relationship between TA beliefs and learners’ experiences in ICALL is multifaceted, influenced by 
learners’ beliefs and attitudes towards technology (Liu & Ma, 2023; Wang et al., 2024; Yang & Li, 2024). 
While AI tools such as ChatGPT encourage self-paced learning, their effectiveness relies heavily on 
learners’ ability to interact with the tools. Using the TAM (Davis, 1989) framework, this section examines 
how perceptions of technology influence its adoption in language learning. 

The TAM, introduced by Davis (1989), is a widely utilized framework for understanding the factors that 
influence individuals’ acceptance and use of technology. TAM posits two core factors: PU and PEOU. 
PU refers to the degree to which a person believes that using a particular technology will enhance their 
performance (Davis, 1989), while PEOU measures the extent to which a person believes that using the 
technology will be free of effort (Davis, 1989). In ICALL, both factors significantly impact learners’ 
engagement and behavioral intentions (Chen et al., 2024; Dizon, 2026; Huang & Mizumoto, 2024; Liu & 
Ma, 2023; Luo & Zou, 2024). PEOU fosters technology adoption, but PU is critical in shaping attitudes 
and intentions (Davis, 1989; Liu & Ma, 2023). 

However, even with easy-to-use tools such as ChatGPT, learners may underutilize them without 
reflecting critically on the usability of these tools across different aspects of language learning (Liu & Ma, 
2023). This indicates that PU is the pivotal factor, directly affecting learners’ attitudes and their intentions 
to use the technology. Supporting this idea, Liu and Ma (2023) investigated the extent to which ChatGPT 
is perceived and leveraged by EFL learners beyond the classroom. They found that PEOU does not 
directly predict learners’ attitudes towards technology. Instead, it influences PU, which in turn shapes 
attitudes and behavioral intentions (Liu & Ma, 2023). This indirect relationship underscores the 
interconnectedness of TAM’s core factors, where ease of use serves as a foundation for perceiving the 
technology as beneficial. The current study emphasizes the notion that PU and PEOU are instrumental in 
the emotional experiences of learners in an ICALL context. In this study, PU and PEOU are 
operationalized through surveys assessing learners’ perceptions of ChatGPT’s utility and usability in 
speaking tasks, linking these variables to task-specific emotions such as enjoyment and anxiety. 

Research Questions  
RQ1: What are the underlying factorial structures of TE and TB among EFL learners in ICALL 
environments? 

RQ2: How do global and specific dimensions of TE and TB interrelate within ICALL settings? 

RQ3: To what extent do PU and PEOU predict the global and specific dimensions of TE and TB in 
ICALL contexts? 

Methods 

Participants 
This study employed convenience sampling to recruit participants. A total of 141 undergraduate students 
from three universities in Iran participated in the research. The sample included 47 male students (33.3%) 
and 94 female students (66.6%), with the age range between 18 and 24 years (M = 19.67, SD = 1.21). 
These participants were drawn from five L2 speaking classes. All participants were undergraduate 
students majoring in teaching English as a foreign language and were enrolled in mandatory speaking 
courses worth three academic credits as part of their degree program. Participants’ self-rated English 
language proficiency levels ranged from intermediate to advanced. Ethical approval was secured, and 
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informed consent was obtained through a mandatory question at the start of the questionnaire. Participants 
were assured of minimal risk with no sensitive data collected, and all information stored securely in 
encrypted files. 

Instruments 
To measure PU and PEOU, this study employed a survey instrument adapted from Dizon (2026) based on 
the TAM framework (Davis, 1989). The ten-item survey, with five items each for PU and PEOU, 
exhibited high reliability (Cronbach's α > 0.95). 

For assessing L2 speaking TE, (see Appendix A) a modified version of the oral TE scale (Li & Dewaele, 
2024) was used, tailored to capture task-specific emotions arising from AI-facilitated speaking tasks. The 
scale focused on three dimensions: TE-Self (personal enjoyment from task engagement), TE-Task 
Characteristics (enjoyment from task design and challenge), and TE-Social (enjoyment from peer and 
group interactions). This task-specific approach aligns with the need to measure emotions at the task 
timescale, balancing dynamicity and stability in a context where ChatGPT supports but does not replace 
social interactions (Li & Dewaele, 2024). The scale was validated to ensure its suitability for capturing 
nuanced TE dimensions in ICALL. 

To measure L2 speaking TB (see Appendix A), a new scale was developed, drawing on established FLB 
literature and scales (Kruk et al., 2022b; Li, 2024; Li, Feng, et al., 2024; Pawlak et al., 2020). The scale 
addressed three dimensions: TB-Self (personal disengagement during tasks), TB-Task Characteristics 
(boredom from repetitive or unchallenging tasks), and TB-Social (boredom from peer and group 
interactions). This scale was designed to capture task-specific boredom in the hybrid ICALL context, 
where ChatGPT supports task preparation but emotions stem from the social and task-related dynamics of 
the classroom. Piloted with 50 EFL learners, the scale underwent rigorous validation, including 
exploratory factor analysis and reliability testing (Cronbach's α > 0.90), to ensure its accuracy in 
measuring TB dimensions in ICALL settings. Responses were rated on a five-point Likert scale from 1 
(“Strongly Disagree”) to 5 (“Strongly Agree”).  

Procedure and Data Collection 
The study was conducted over a four-week L2 speaking course designed to enhance English as a Foreign 
Language (EFL) learners’ speaking skills through a hybrid ICALL environment integrating ChatGPT as a 
facilitative tool (see Appendix B for details). ChatGPT, developed by OpenAI, leverages large-scale 
neural networks and extensive training datasets to generate contextually relevant, human-like responses, 
making it a versatile tool for supporting EFL speaking tasks (Rezai et al., 2024; Yang & Li, 2024). In this 
study, ChatGPT facilitated task preparation (e.g., brainstorming ideas and refining content) and task 
evaluation (e.g., providing feedback) for speaking activities that combined individual practice, peer 
interactions, group work, and whole-class discussions, fostering a socially engaging learning context. 

The instructional process was collaboratively designed by three instructors from different universities, 
who developed a unified lesson plan to ensure consistency in teaching strategies across participating 
classes. Instructors played a critical role in facilitating the integration of ChatGPT and fostering a 
collaborative learning environment. They guided learners in using ChatGPT effectively for task 
preparation, mediated AI-generated responses to ensure clarity, and provided constructive feedback to 
enhance speaking skills. Additionally, instructors managed group processes, encouraged peer interactions 
during collaborative tasks (e.g., group presentations, peer feedback sessions), and created a safe, 
supportive environment to promote task enjoyment and minimize boredom, aligning with the study’s 
focus on task-specific emotions. 

Throughout the course, learners engaged in a variety of AI-facilitated speaking tasks, such as individual 
presentations, role-playing, and group-based discussions, supported by ChatGPT’s preparatory functions 
(e.g., generating outlines, suggesting expressions). These tasks emphasized peer collaboration and whole-
class engagement, enabling the measurement of TE and TB (Li & Dewaele, 2024). In the fourth week, 
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participants completed an online questionnaire assessing their experiences in this hybrid ICALL 
environment. The questionnaire evaluated PEOU and PU of ChatGPT, as well as TE and TB. The 
questionnaire took approximately 15 minutes to complete and was administered digitally to ensure 
accessibility. 

Data Analysis 

The analytical strategy for this study involved estimating and comparing multiple measurement models 
for TE and TB to identify the best-fitting models. These were then combined into a fully latent model to 
examine the relationships between TE and TB. Data analysis was conducted using the Weighted Least 
Squares Mean and Variance Adjusted (WLSMV) estimator in Mplus version 8.4 (Muthén & Muthén, 
2018). This approach accommodates the ordinal nature of Likert-scale data, which often deviates from 
normal distribution assumptions (Brauer et al., 2023). To address the nested data structure of students 
within classrooms, the TYPE = COMPLEX function was employed, ensuring accurate standard errors 
and test statistics (Asparouhov & Muthén, 2009). As there were no missing data, the use of methods such 
as Full Information Maximum Likelihood (FIML) estimation was not required. 

The measurement models for both TE and TB (see Appendix C) were estimated separately, utilizing four 
alternative models for each construct: Correlated Factors Confirmatory Factor Analysis (CFA), ESEM, 
bifactor-CFA, and bifactor-ESEM. Excellent fit was defined by RMSEA < 0.06 and CFI/TLI > 0.95, 
while acceptable fit was indicated by RMSEA < 0.08 and CFI/TLI > 0.90 (Hu & Bentler, 1999). To 
ensure reliability in our study, we calculated four composite reliability coefficients (ω) as recommended 
by Morin (2023): General Omega Composite (ω), assessing shared variability from general and specific 
factors (>0.70 for satisfactory reliability); Omega Composite Subscale (ωS), estimating reliable variance 
from the general component; General Omega Hierarchical (ωH), measuring variance due to the general 
component (>0.50 for a strong general latent factor); and Omega Hierarchical Subscale (ωHS), indicating 
reliable variance specific to subfactors while accounting for the general component. Model comparisons 
followed Morin et al. (2015), with optimal measurement models for TE and TB integrated into a fully 
latent model to examine their associations. 

Results  

Associations between TE, TB, and TA Beliefs 
To test the predictive added-value of the S-factors of TE relative to the G-factor, the final bifactor-ESEM 
solutions were converted to their bifactor-ESEM-within-CFA equivalents. This conversion was necessary 
because bifactor-ESEM does not readily support complex structural path analyses, such as predictive 
relationships between S-factors and external variables such as PU and PEOU (Morin, 2023). The bifactor-
ESEM-within-CFA approach transforms the exploratory ESEM solution into a CFA framework, 
preserving the measurement model’s flexibility, including non-target S-factor cross-loadings fixed to their 
ESEM values rather than constrained to zero, while enabling robust structural modeling. 

Procedurally, the conversion involved setting factor variances to 1 and selecting referent indicators with 
strong main loadings and weak cross-loadings for each factor. For these referent indicators, cross-
loadings were fixed to their bifactor-ESEM values, and other parameters used ESEM estimates as starting 
values (Morin, 2023). To preserve the orthogonality of the bifactor model, factor covariances were fixed 
to zero, resulting in a slight difference in degrees of freedom (Morin, 2023). This ensured the bifactor-
ESEM-within-CFA model retained equivalent chi-square, goodness-of-fit statistics, and parameter 
estimates as the original, within rounding error, providing a stable basis for structural analysis.  

Two models were examined. Model 1 included the G-factors of TE and TB, as well as the predictors of 
PEOU and PU. In Model 2, the S-factors of TE (task characteristics, self, social) and TB (task 
characteristics, self, social) were also included. Both models demonstrated excellent fit to the data: Model 
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1 (G-factors only): χ² (135) = 340.028, CFI = .972, TLI = .961, RMSEA = .040 (90% CI = .035, .045). 
Model 2 (G- and S-factors): χ² (271) = 758.417, CFI = .984, TLI = .975, RMSEA = .038 (90% CI 
= .033, .043). Model 2 outperformed Model 1, indicating that the S-factors of TE contributed 
meaningfully to the prediction of the G- and S-factors of TB beyond the G-factor TE. This improvement 
was reflected in the model fit statistics. While the improvement in model fit suggests an enhanced model, 
it is important to note that the decision to select between the two structural models was not solely based 
on model fit statistics. The first part of this study, which evaluated the measurement models of TE and 
TB, confirmed that considering both global and specific aspects of TE and TB offers valuable insights. 
The inclusion of the S-factors in Model 2 reflects this understanding, suggesting that task characteristics, 
self, and social S-factors contribute to a more comprehensive prediction of TE and TB, offering added 
explanatory value from S-factors in this context. 

Table 1  

Latent Associations between TE, TB, and TA beliefs 

Factors G-TB TB-task TB-social TB-self PEOU PEOU 
G-TE  -.465*** -.197*** -.012 -.115*** .187*** .422*** 
TE-task -.211*** -.188*** -.015 -.008 .011 .159*** 
TE- social -.026 -.005 -.013 -.007 .006 .018 
TE- self -.125*** -.007 -.009 -.076*** .005 .007 
PEOU -.151*** -.014 -.004 -.003 - .471*** 
PU -.386*** -.190*** -.005 -.011 .471*** - 
Note. G-TE = global task-enjoyment; TE-task = task characteristics S-factor; TE-social = social S-factor; TE-self = 
self S-factor; G-TB = global task-boredom; TB-task = task characteristics S-factor; TB-self = self S-factor; TB-social 
= social S-factor. ***p < .001. 

As detailed in Table 1 and Figure 1, G-TE was strongly and negatively associated with G-TB (r = -.465,  
p < .001), TB-task characteristics (r = -.197, p < .001), and TB-self (r = -.115, p < .001). However, G-TE 
was not significantly associated with task TB-social. The specific factors of TE exhibited varying patterns 
of association with task boredom dimensions. TE-task characteristics was negatively associated with  
G-TB (r = -.211, p < .001) and TB-task characteristics (r = -.188, p < .001), but not significantly related 
to TB-self or TB-social. TE-social showed no significant associations with G-TB, TB-task, TB-social, or 
TB-self. TE-self was negatively associated with G-TB (r = -.125, p < .001) and TB-self (r = -.076,  
p < .001), but not significantly related to TB-task or TB-social. Additionally, G-TE was positively 
associated with PEOU (r = .187, p < .001) and PU (r = .422, p < .001), while TE-task was positively 
associated with PU (r = .159, p < .001). PEOU and PU were negatively associated with G-TB (r = -.151, 
p < .001 and r = -.386, p < .001, respectively) and TB-task (r = -.014, p > .05 and r = -.190, p < .001, 
respectively), but not significantly related to TB-social or TB-self. 

The Predictive Role of PEOU and PU 

The predictive roles of PEOU and PU in shaping TE and TB were analyzed within the bifactor-ESEM 
framework, focusing on their associations with global and specific factors of TE and TB among EFL 
learners using ChatGPT for L2 speaking tasks. The latent associations are presented in Table 1. Regarding 
the associations of TA with TE, the results indicated that PEOU was significantly and moderately and 
positively associated with global TE (β = .187, p < .001).   
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Figure 1 

Four Alternative Measurement Models for TE 

 

PU showed a stronger positive association with global TE (β = .422, p < .001. For specific TE factors, 
only the TE-task characteristics S-factor was significantly predicted by PU (β = .159, p < .001). PEOU 
showed no significant association with TE-task characteristics. Neither PEOU nor PU significantly 
predicted TE-social or TE-self. Regarding the associations of TA with TB, PEOU was significantly and 
negatively associated with global TB (β = -.151, p < .001). PU demonstrated a stronger negative 
association with global TB (β = -.386, p < .001). PU also negatively predicted the TB-task characteristics 
S-factor (β = -.190, p < .001). PEOU showed no significant association with TB-task characteristics. 
Neither PEOU nor PU significantly predicted TB-social or TB-self, indicating that their influence on TB 
is primarily at the global level or for task-specific dimensions, rather than social or personal 
disengagement. 

Discussion 

The present study aimed to explore the complex structures and interrelationships of TE and TB among 
EFL learners in ICALL environments, employing the bifactor exploratory structural equation modeling 
(bifactor-ESEM) framework. This discussion examines the study's findings in three key areas: the 
underlying factorial structures of TE and TB, the interplay between their global (G-) and specific (S-) 
dimensions, and the role of TA beliefs. 

Underlying Factorial Structures of TE and TB 
The results of the current study indicated that the bifactor-ESEM models robustly represented TE and TB, 
distinguishing learners’ global task enjoyment and boredom from specific subfactors. To select the best 
model representing TE and TB, fit indices were not the sole basis. Rather, bifactor-ESEM’s integration of 



Majid Elahi Shirvan and Tahereh Taherian 69 
    

     
 
a well-defined G-factor, distinct S-factors, and cross-loadings was essential for capturing the 
multidimensionality of TE and TB (Morin et al., 2020). These results suggest that simpler models (e.g., 
correlated CFA, ESEM, and bifactor-CFA) may not have yielded sufficiently informative results due to 
critical limitations. Specifically, ESEM, despite identifying cross-loadings in both TE and TB scales, 
failed to model a G-factor, neglecting the overarching emotional constructs central to our analysis. 
Bifactor-CFA, while incorporating a G-factor, excluded cross-loadings, thus obscuring item complexity 
vital for precise TE-TB associations. 

Therefore, focusing on the bifactor-ESEM solution was necessary to achieve our study’s objective of 
delineating the intricate emotional dynamics in ICALL. The model’s ability to account for both global 
and specific variance, alongside cross-loadings, provided a more accurate representation than simpler 
models, which sacrificed either multidimensionality or item-level nuance. This multidimensional 
framework aligns with research highlighting the complexity of emotions in language learning (Elahi 
Shirvan et al., 2025; Li, Wei, et al., 2024), extending beyond unidimensional perspectives (e.g., one 
global factor or two or more correlated factors) to provide a detailed understanding of task-specific 
emotions. 

The bifactor-ESEM approach diverges from traditional correlated factors models by partitioning variance 
into global (G-) and specific (S-) factors, necessitating a refined interpretive approach that distinguishes 
between overarching emotional states and discrete, subscale-specific experiences (Morin et al., 2020). 
The following discussion elucidates these factorial structures, contrasting the bifactor-ESEM findings 
with how TE and TB might be conceptualized in a correlated factors framework, and highlights their 
implications within the ICALL context. 

In a traditional correlated factors model, each factor emerges from the covariance among items within a 
specific subscale, encapsulating the entirety of the emotional experience reflected by that subscale (Morin 
et al., 2020). For TE, this would imply a holistic construct comprising three potentially intercorrelated 
factors: TE-task characteristics, TE-social, and TE-self. In contrast, the bifactor-ESEM framework 
employed in this study disentangles these emotional experiences into a G-factor and S-factors, offering a 
more granular understanding. The G-factor aggregates shared variance across all items within a construct, 
while S-factors capture residual variance unique to each subscale after accounting for the G-factor’s 
contribution (Morin et al., 2020). This distinction fundamentally alters the interpretation of TE and TB, 
shifting the focus from holistic constructs to a combination of global and specific emotional experiences. 

Informed by all TE items, G-TE embodies a general, enduring enjoyment that transcends specific task 
features, social interactions, or personal achievements (Li, 2024). This global factor captures the common 
thread of positive affect across the TE subscales, reflecting learners’ broad appreciation of the ICALL 
environment. Similarly, the G-TB factor, derived from all TB items, reflects a pervasive state of task 
boredom marked by low arousal and negative emotions, such as dissatisfaction, annoyance, and 
inattention (Li, 2024). 

The S-factors, however, isolate the residual variance unique to each subscale, representing specific 
emotional facets rather than the comprehensive constructs seen in correlated factors models. For TE, these 
S-factors highlight enjoyment that is distinct from the broader, sustained enjoyment subsumed by G-TE. 
Thus, TE-task characteristics denote the specific pleasure derived from task design elements, such as 
variety, feedback, or interactivity (Li & Dewaele, 2024). Unlike the correlated factors interpretation—
where it would signify learners’ holistic enjoyment of ICALL tasks tied to their design—here, it captures 
a more fleeting, feature-specific delight. 

Moreover, TE-social reflects the immediate pleasure from social interactions rather than broad 
satisfaction from social engagement. It isolates the enjoyment of these moments, distinct from G-TE’s 
global positivity. Finally, TE-self indicates the sense of personal pleasure, such as comfort in task 
completion (Zhang et al., 2024), distinct from a pursuit of tasks for personal fulfillment. In the current 
study, the TE-social S-factor exhibited relatively lower specificity compared to TE-task characteristics 
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and TE-self. This suggests that items assessing social enjoyment primarily contribute to defining G-TE, 
with limited unique variance beyond this overarching level. Practically, this implies that learners’ social 
interactions in ICALL settings, with ChatGPT as a supportive tool, serve as a key anchor for their overall 
task enjoyment, rather than standing out as a distinctly separate emotional facet in this ICALL context. 

For TB, the S-factors similarly delineate discrete experiences of disinterest, distinguishable from the 
pervasive boredom captured by G-TB. Hence, TB-task characteristics reflect a specific sense of 
disinterest tied to task features, such as monotonous formats, uninteresting topics, lack of variety, or tasks 
that are over- or under-challenging. Unlike the correlated factors model’s broader interpretation, it 
focuses on residual boredom linked solely to task design. Similarly, TB-social captures the specific 
annoyance and disinterest arising from monotonous or uninspiring interactions in a hybrid ICALL 
environment (Kruk & Kałużna, 2024), rather than a holistic social disengagement construct. Lastly, TB-
self denotes a sense of dissatisfaction tied to personal disengagement, distinct from the sustained, general 
boredom of G-TB, highlighting a specific emotional response to a lack of personal involvement. 

Importantly, the TB-social S-factor showed lower specificity compared to TB-task characteristics and 
TB-self, indicating that social boredom items contribute more to the G-TB factor than to a unique social-
specific dimension. This finding suggests a strong alignment between learners’ reports of social boredom 
and their overall task boredom, with limited distinctiveness in the social facet once G-TB is accounted 
for. 

Interplay between G- and S-Dimensions of TE and TB 
The second research question explored the relationships between G- and S-dimensions of TE and TB in 
ICALL settings. Our findings indicate a significant negative association between global TE and global 
TB. The negative correlation between G-TE and G-TB suggests that sustained task enjoyment co-occurs 
with reduced overall task boredom, characterized by dissatisfaction, annoyance, and low arousal (Kruk & 
Zawodniak, 2017; Li et al., 2021). This aligns with prior research indicating that broad positive emotions 
mitigate negative affective states in language learning (Dewaele & MacIntyre, 2014; Elahi Shirvan et al., 
2024; Li, 2024), reflecting ICALL’s capacity to foster engaging task environments (Li, 2024). However, 
this association may be influenced by task design factors not fully controlled in the study, such as task 
difficulty or feedback tone, which could independently affect TB. Future studies should manipulate these 
variables to clarify their role in mediating TE-TB relationships. 

Additionally, G-TE’s negative association with TB-task characteristics indicates that global task 
enjoyment corresponds with lower task boredom tied to task design, such as monotonous formats or 
uninteresting topics (Kruk et al., 2022b). This suggests that learners experiencing holistic task enjoyment 
are less likely to perceive tasks as uninteresting, possibly due to ChatGPT’s adaptive feedback (Li & 
Dewaele, 2024). These buffering effects may be explained by the broaden-and-build theory (Fredrickson, 
2001), which argues that positive emotions expand learners’ cognitive and emotional resilience, enabling 
them to overlook or adapt to less engaging elements. For ICALL design, this highlights the importance of 
cultivating an overall positive emotional climate, as it can compensate for imperfections in specific task 
attributes, a critical consideration given the automated nature of these systems. 

The results further reveal that specific TE factors, particularly those related to pleasure from task design, 
are associated with reduced levels of both global TB and specific TB related to task characteristics. When 
learners find enjoyment in elements such as interactive features, adaptive feedback, or varied content—
beyond their baseline global task boredom—they experience less overall boredom and disinterest in 
specific task features. The negative relationship between TE-task characteristics and both G-TB and TB-
task characteristics underscores the importance of engaging and varied tasks. This supports earlier 
findings that task design plays a crucial role in boosting enjoyment and reducing boredom (Kruk et al., 
2022b; Li & Dewaele, 2024; Thumvichit, 2022), guiding educators in creating more stimulating learning 
environments. 
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These associations emphasize the pivotal role of task design in shaping emotional outcomes. Well-crafted 
tasks that cater to learners’ interests and provide meaningful engagement can serve as a dual mechanism: 
enhancing specific enjoyment while simultaneously reducing boredom across multiple dimensions. This 
finding calls for ICALL systems to prioritize diversity and personalization in task construction to sustain 
learner engagement. 

Similarly, a specific sense of personal pleasure (e.g., satisfaction tied to individual achievement or 
relevance) beyond global TE correlates with lower global TB and reduced dissatisfaction linked to 
personal disengagement (TB-self). The negative relationships between TE-self and G-TB and TB-self 
underscore the role of personal fulfillment and intrinsic motivation in reducing boredom. Learners who 
find satisfaction and accomplishment in tasks are less likely to experience boredom related to task 
characteristics or their attitudes toward language learning. This supports the importance of intrinsic 
rewards in sustaining motivation and engagement (Chang et al., 2024; Li & Dewaele, 2024). 

The results indicated non-significant associations between TE-social and other factors—namely G-TB, 
TB-task characteristics, and TB-self—as well as between TB-social and other factors—G-TE, TE-task 
characteristics, and TE-self. This lack of significance may stem from the reduced specificity of TE-social 
and TB-social as S-factors within the bifactor-ESEM model. Once global levels of TE and TB are 
accounted for, the variance associated with these social factors lacks the breadth to influence broader or 
specific dimensions independently. In essence, the emotional impact of social aspects appears to be 
subsumed under the global measures, suggesting that TE-social and TB-social serve as anchors for overall 
emotional ratings rather than distinct contributors to specific experiences. This result does not indicate 
that TE-social and TB-social S-factors are unimportant, but rather that they may contribute less to 
learners’ TE and TB beyond the role played by their global levels of TE and TB.  

These findings from the second research question offer actionable insights for ICALL system 
development. The negative association between global TE and TB suggests that prioritizing overall 
enjoyment—through features such as autonomy, achievement recognition, and relevance—can enhance 
learner persistence. The link between specific TE and reduced TB further underscores the need for 
diverse, engaging, and adaptive task designs that prevent monotony and cater to individual preferences. 
While social factors did not emerge as significant, their potential integration (e.g., through simulated peer 
interactions or collaborative tasks) could still enrich the overall emotional experiences in speaking ICALL 
settings. 

The Role of TA beliefs 
The third research question examined the predictive roles of Perceived Ease of Use (PEOU) and 
Perceived Usefulness (PU) in influencing TE and TB among EFL learners using ChatGPT for L2 
speaking tasks. Utilizing the bifactor-ESEM framework, the results highlight the varying degrees of 
influence of PEOU and PU on global and specific factors of TE and TB, as well as the specificity of S-
factors in explaining these relationships. 

PU demonstrated robust associations with emotional outcomes, significantly predicting higher global TE, 
lower global TB, and reduced TB-task characteristics. Additionally, PU positively predicted TE-task 
characteristics. These findings corroborate Liu and Ma’s (2023) assertion that PU is the dominant factor 
influencing learners’ attitudes toward technology in ICALL. When learners perceive ChatGPT as useful 
for enhancing their L2 speaking skills—through features such as personalized feedback or conversational 
practice—they experience greater overall task enjoyment and less task boredom. This aligns with 
previous studies emphasizing that PU directly shapes learners’ behavioral intentions and engagement 
(Chen et al., 2024; Huang & Mizumoto, 2024), as a belief in the tool’s efficacy fosters positive emotional 
states and mitigates disengagement. 

PEOU showed a significant but weaker association with global TE and global TB, with no significant 
effects on specific TE or TB factors. The modest effect of PEOU suggests that while a user-friendly 
interface contributes to overall task enjoyment and reduces general task boredom, its impact is less 
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pronounced than PU’s. In ICALL, where learners interact with tools such as ChatGPT independently, a 
seamless interface may prevent frustration but is insufficient alone to sustain engagement without 
perceived value. 

In contrast, PEOU showed a significant but weaker association with global TE and global TB, with no 
significant effect on specific factors like TE-Task or TB-Task. This lack of significant association with 
task-specific emotions suggests that while a user-friendly interface may reduce general frustration and 
support overall engagement, its impact on emotions tied specifically to task design and challenge is 
limited (Davis, 1989; Liu & Ma, 2023). In the context of ICALL, where tasks require active engagement 
with ChatGPT’s features (e.g., conversational practice), the functional benefits (PU) are more salient than 
usability (PEOU) in shaping task-specific emotions. For instance, learners may find ChatGPT easy to use, 
but if they do not perceive it as enhancing their speaking skills, ease of use alone does not translate into 
enjoyment or reduced boredom specific to the task’s design or challenge (Luo & Zou, 2024). This 
explains why PEOU’s effect is less pronounced for TE-Task and TB-Task compared to PU’s direct 
influence. 

Additionally, the varying specificity of S-factors explains why PU’s effects are most pronounced for task 
characteristics, where emotional responses are directly tied to the tool’s functionality, and less evident for 
social and self dimensions, which have weaker independent contributions after accounting for global TE 
and TB. This granularity underscores the need for precise measurement models such as bifactor-ESEM to 
capture the multidimensional nature of emotions in ICALL. The stronger effect of PU may reflect 
learners’ prioritization of functional benefits in ICALL, but alternative explanations, such as prior AI 
experience or task complexity, could amplify PU’s impact. Future research should control for these 
variables to isolate PU’s unique contribution. 

Conclusion 

This study advances the understanding of TE and TB in ICALL contexts by employing the bifactor-
ESEM framework, offering a nuanced analysis of emotional dynamics in L2 speaking tasks. By 
distinguishing global and specific emotional factors, it highlights the need for multidimensional 
approaches to studying emotions, though its findings are constrained by several limitations. The focus on 
Iranian EFL learners might limit generalizability, as cultural attitudes toward technology and educational 
norms may shape emotional responses differently in other contexts. The cross-sectional design restricts 
insights into the temporal evolution of emotions and TA beliefs, and the exclusive use of ChatGPT limits 
applicability to other ICALL tools with varied features. 

Future research should address these limitations by adopting longitudinal designs to track emotional 
fluctuations across diverse ICALL tasks, examining learners from varied cultural and linguistic 
backgrounds to explore cultural influences, and comparing multiple ICALL platforms to identify features 
that optimize emotional engagement. For instance, exploring alternative explanations—such as the role of 
learner proficiency, task complexity, or AI feedback tone—could clarify the mechanisms driving TE and 
TB associations. 

The study emphasizes the importance of TE in reducing TB, calling for task designs that address diverse 
emotional triggers. Instructors can foster personal fulfillment by creating tasks that allow self-expression 
and provide meaningful feedback, while collaborative tasks could enhance TE-social and mitigate TB-
social. The differential impact of PEOU and PU suggests that AI tools must balance user-friendliness 
with tangible benefits to sustain engagement. By critically addressing these findings and limitations, this 
study paves the way for more inclusive, culturally sensitive, and technologically diverse research to 
enhance emotional experiences in ICALL environments. 
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Appendix A. Development procedures of the Scales 

To measure Perceived Usefulness (PU) and Perceived Ease of Use (PEOU), this study adapted a survey 
instrument from Dizon (2026), grounded in the Technology Acceptance Model (TAM) framework 
(Davis, 1989). The ten-item survey comprised five items for PU (e.g., “Using the AI tool improves my 
speaking performance”) and five for PEOU (e.g., “I find the AI tool easy to navigate”), designed to 
capture learners’ perceptions of the AI tool’s utility and usability in ICALL speaking tasks. Items were 
adapted to reflect the specific context of L2 speaking in ICALL, ensuring relevance to the study’s focus. 
The adaptation process involved revising item wording based on feedback from a focus group of five EFL 
instructors to enhance clarity and contextual fit. A pilot study with 50 EFL learners was conducted to 
assess the instrument’s reliability and validity. Exploratory factor analysis (EFA) confirmed a two-factor 
structure (PU and PEOU), with factor loadings above 0.70 for all items. The scale exhibited high 
reliability (Cronbach’s α = 0.96 for PU and 0.95 for PEOU). Post-pilot, minor wording adjustments were 
made to two PEOU items to improve comprehension, ensuring the scale’s suitability for the main study. 

For assessing L2 speaking Task Enjoyment (TE) in the ICALL context, a modified version of the oral TE 
scale developed by Li and Dewaele (2024) was employed. The scale focused on three dimensions: TE-
Self (personal satisfaction from task engagement), TE-Social (enjoyment from AI-mediated interactions), 
and TE-Task Characteristics (enjoyment derived from task design). The original 12-item scale was 
adapted to include eight items tailored to ICALL, such as “I enjoy speaking tasks because the AI feedback 
is helpful” for TE-Task Characteristics. The adaptation process involved consultation with two SLA 
researchers to ensure alignment with ICALL-specific task features. The scale was piloted with 50 EFL 
learners, and confirmatory factor analysis (CFA) validated the three-factor structure, with factor loadings 
ranging from 0.65 to 0.85. Reliability was strong (Cronbach’s α = 0.93 for the overall scale; 0.90, 0.88, 
and 0.91 for TE-Self, TE-Social, and TE-Task Characteristics, respectively). Pilot feedback led to 
rephrasing one TE-Social item to clarify AI interaction contexts. 

To measure L2 speaking Task Boredom (TB), a new scale was developed, drawing on established foreign 
language boredom (FLB) scales (Kruk et al., 2022b; Li, 2024; Li, Feng, et al., 2024; Pawlak et al., 2020) 
and tailored to the ICALL context. The scale addressed three dimensions: TB-Self (internal 
disengagement, e.g., “I feel bored because I am not interested in the task”), TB-Task Characteristics 
(boredom from repetitive or unengaging tasks, e.g., “The AI tasks are too repetitive, which makes me 
bored”), and TB-Social (boredom in AI-mediated interactional scenarios, e.g., “Interacting with the AI 
feels unengaging”). The scale development process began with a literature review to identify relevant 
constructs, followed by item generation by a team of three researchers with expertise in SLA and ICALL. 
An initial pool of 15 items was refined to nine (three per dimension) based on expert review and content 
validity checks. The scale was piloted with 50 EFL learners, and EFA confirmed a three-factor structure, 
with factor loadings above 0.68. Reliability was robust (Cronbach’s α = 0.94 for the overall scale; 0.91, 
0.90, and 0.89 for TB-Self, TB-Task Characteristics, and TB-Social, respectively). Pilot results prompted 
the revision of one TB-Task Characteristics item to better capture task repetitiveness. Convergent validity 
was established by correlating the TB scale with an established FLB scale (r = 0.82, p < 0.01), ensuring 
its suitability for capturing nuanced TB dimensions in ICALL. 

All responses were rated on a five-point Likert scale from 1 (“Strongly Disagree”) to 5 (“Strongly 
Agree”). The pilot study was conducted with a diverse sample of EFL learners (aged 18–25, mixed 
proficiency levels) to mirror the main study’s population, ensuring generalizability. Validation procedures 
included checks for internal consistency, factor structure, and item clarity, with iterative refinements 
based on pilot feedback.  
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Appendix B. Instructional Procedures  

Week 1: Introduction to Conversational AI and Vocabulary Building 
Objective: Familiarize learners with ChatGPT and build vocabulary for speaking tasks. 
Tasks:  

• Introduction to ChatGPT: Learners were introduced to ChatGPT’s interface and capabilities 
through a guided tutorial led by instructors. They practiced basic interactions (e.g., asking for 
vocabulary related to daily routines) to build confidence in using the AI tool.  

• Vocabulary Building: Learners used ChatGPT to generate lists of topic-specific vocabulary and 
phrases (e.g., expressions for greetings or describing routines). They engaged in a 5-minute 
conversational practice with ChatGPT to incorporate new vocabulary.  

• Peer Interaction: Learners shared their vocabulary lists in small groups, discussing and practicing 
the phrases with peers. Instructors facilitated group discussions to ensure collaborative learning.  

• Whole-Class Activity: Groups presented their favorite phrases to the class, receiving feedback 
from peers and instructors to refine pronunciation and usage. 
 
Role of ChatGPT: Provided vocabulary suggestions and conversational practice opportunities to 
prepare learners for peer and group interactions. 
 
Social Focus: Emphasized peer collaboration and whole-class sharing to foster social enjoyment 
and engagement. 

Week 2: Mock Presentation and Topic Development 
Objective: Develop and refine presentation skills using AI support and peer feedback. 
Tasks:  

• Topic Assignment: Learners were assigned individual mock presentation topics (e.g., “My 
Favorite Hobby”).  

• ChatGPT-Assisted Preparation: Learners used ChatGPT to brainstorm ideas, develop outlines, 
and gather relevant language expressions (e.g., transitional phrases, persuasive language). 
Prompts included “Suggest an outline for a 3-minute presentation on [topic]” or “Provide five 
useful expressions for presenting ideas.”  

• In-Class Sharing: Learners presented their refined topics and outlines to small groups, receiving 
peer and instructor feedback on content and clarity.  

• Group Discussion: Groups discussed strategies for effective presentations, integrating insights 
from ChatGPT-generated content and peer suggestions. 
 
Role of ChatGPT: Facilitated brainstorming and content refinement to prepare learners for group-
based presentations. 
 
Social Focus: Encouraged peer feedback and group collaboration to enhance social enjoyment 
and reduce task boredom through interactive exchanges. 

Week 3: Role-Playing and Content Comparison 
Objective: Enhance persuasive speaking skills through role-playing and comparative analysis. 
Tasks:  

• Role-Playing with ChatGPT: Learners used ChatGPT to simulate professional personas (e.g., 
TED speaker, business consultant) by requesting AI-generated responses (e.g., “Act as a TED 
speaker and provide a 1-minute speech on [topic]”). They developed their own speech outlines 
and up to five slides using tools such as PowerPoint or Google Slides.  
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• Comparative Analysis: Learners compared ChatGPT’s AI-generated speeches with their own, 
identifying strengths and areas for improvement. They revised their speeches based on this 
analysis.  

• Group Role-Playing: In small groups, learners practiced their role-playing speeches, receiving 
peer feedback on delivery and content.  

• Whole-Class Discussion: Groups shared insights from the comparative analysis, discussing how 
AI and peer feedback improved their speeches. 
 
Role of ChatGPT: Provided model responses and content for comparison, supporting learners’ 
preparation for group and class interactions. 
 
Social Focus: Promoted group-based role-playing and whole-class discussions to foster social 
engagement and collaborative learning. 

Week 4: Revision, Practice, and Delivery of Final Speech 
Objective: Refine and deliver polished presentations with AI and peer support. 
Tasks:  

• Revision and Editing: Learners used ChatGPT to refine their speech outlines, content, and slides 
based on feedback from Week 3. Prompts included “Suggest improvements for this speech 
outline” or “Provide feedback on this slide’s content.”  

• Practice Sessions: Learners rehearsed their speeches in pairs or small groups, receiving peer 
feedback on fluency, pronunciation, and engagement. Instructors provided additional guidance 
during practice.  

• Final Presentation: Learners delivered their finalized 3–5-minute speeches to the class, with peers 
and instructors offering constructive feedback.  

• Whole-Class Reflection: After presentations, the class engaged in a reflective discussion on their 
experiences, focusing on the role of AI, peer collaboration, and personal growth in speaking 
skills. 
 
Role of ChatGPT: Assisted with speech revision and editing to enhance preparation for group 
practice and final delivery. 
 
Social Focus: Emphasized peer feedback, group practice, and whole-class engagement to sustain 
social enjoyment and minimize boredom. 

Instructional Design and Instructor Role 
The course was collaboratively designed by three instructors from different universities to ensure 
consistency in teaching strategies and task implementation. Instructors played a critical role in facilitating 
the integration of ChatGPT and fostering a supportive learning environment. Their responsibilities 
included:  

• Guiding AI Use: Demonstrating how to use ChatGPT effectively for task preparation and 
providing technical support.  

• Facilitating Peer Interactions: Organizing group activities, moderating discussions, and 
encouraging collaborative learning.  

• Providing Feedback: Offering individualized feedback on learners’ speaking performance and 
mediating AI-generated feedback to ensure clarity.  

• Creating a Safe Environment: Encouraging a positive classroom climate to enhance social 
enjoyment and reduce task boredom. 

This hybrid instructional approach leveraged ChatGPT’s capabilities to support task preparation while 
prioritizing social interactions to create a rich, engaging learning experience. The combination of AI-
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facilitated tasks and peer-based activities aimed to optimize learners’ emotional experiences, as measured 
by task enjoyment (TE) and task boredom (TB) in the study. 

Appendix C. Measurement Models for Task enjoyment, Task Boredom, and 
Predictors  

Due to space constraints, Appendix C is available via the Open Science Framework: 
https://osf.io/g5qy7/?view_only=cc59f67f6dec41cdac3a26f347c05756 
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