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ABSTRACT 
The use of artificial intelligence (AI) based chatbots as learning companions in higher education is increasing, yet evidence from private universities in resource-constrained regions remains limited. This multi-case qualitative study analyzes strategies for using AI chatbots and how these relate to students’ self-efficacy and learning outcomes in three private universities in Central Kalimantan Province, Indonesia (27 students, 6 lecturers). Data were collected through semi-structured interviews, focus group discussions, observations, and institutional documents, and were analyzed thematically using the Miles and Huberman framework, with strong inter-coder reliability (Cohen’s κ = 0.82).
Findings reveal three interrelated domains: (1) pedagogical integration, when chatbot-based tasks are embedded in lectures, assessment, and reflection; (2) interactional engagement, when immediate, non-judgmental feedback strengthens students’ confidence in addressing complex tasks; and (3) learning reinforcement, when chatbots are used for personalized review, regulation of study routines, and deepening conceptual understanding. Most participants reported increased academic self-efficacy and improved assignment quality when chatbot use was explicitly guided by lecturers, whereas unstructured use tended to foster superficial dependence on AI responses.
The study proposes a conceptual model that positions AI chatbots as transformative learning companions mediating the reciprocal relationship between strategic use, strengthened self-efficacy, and cognitive affective learning outcomes. It also offers implications for human–AI pedagogy design, lecturer capacity building, and institutional policy in resource-limited higher education contexts.
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1. INTRODUCTION 
Over the past decade, rapid advances in artificial intelligence (AI) have transformed how higher education designs teaching and learning, including through more personalized, flexible, and student centered digital ecosystems. AI-based conversational agents or chatbots that rely on natural language processing are now widely integrated into learning management systems, virtual classrooms, and institutional portals to answer questions, guide navigation, and provide instant feedback. In line with the Education 4.0 agenda, the literature on educational chatbots has grown sharply since 2018, documenting their roles in academic advising, formative feedback, and administrative support across disciplines (Chen et al., 2020; Zawacki-Richter et al., 2019).
Recent meta-analyses show that interventions integrating ChatGPT are associated with large gains in learning performance (g = 0.867) and moderate positive effects on learning perceptions (g = 0.456) and higher-order thinking skills (g = 0.457), particularly when combined with explicit scaffolding and instructional design (Wang & Fan, 2025). Complementary analyses of 51 studies report a pooled effect size of g+ = 0.712 (95% CI) for academic performance, reinforcing the position of chatbots as pedagogical partners that extend opportunities for explanations, practice, and reflection beyond formal class time (Deng & Yu, 2024). In parallel, another body of research underscores the importance of affective and self-regulatory constructs such as self-efficacy, engagement, and learning strategies—in explaining technology-mediated learning success. AI chatbot interventions have been reported to strengthen academic self-efficacy when they provide timely scaffolding, formative feedback, and low-risk spaces for practice, while also reducing evaluation anxiety (Kuhail et al., 2023; Okonkwo & Ade Ibijola, 2021; Wollny et al., 2021).
However, several studies caution that these benefits are not automatic. ChatGPT and similar systems can accelerate task completion and produce fluent responses but do not necessarily improve grades or conceptual understanding when students use them to minimize their own cognitive effort (Deng & Yu, 2024). Reviews of student perceptions portray an ambivalent stance: learners value personalized assistance and reduced anxiety yet express concern about overreliance, erosion of critical thinking, and risks to academic integrity (Chan & Hu, 2023). Research on learning strategies further suggests that unstructured chatbot use may foster superficial copying and the “outsourcing” of higher-order reasoning unless educators explicitly design activities that require students to critically evaluate, compare, and justify AI-generated outputs (Kasneci et al., 2023).
Geographically, the literature remains heavily skewed toward technologically advanced higher education systems in urban settings in North America, Europe, and East Asia, while institutions in the Global South and peripheral regions are comparatively underrepresented (Crompton & Burke, 2023). Emerging studies from low- and middle-income countries highlight constraints related to connectivity, institutional capacity to design or adapt chatbots, uneven AI literacy, and challenges of linguistic and cultural appropriateness (Tlili et al., 2023). In Indonesia, various AI tools including chatbots and generative systems are increasingly used on campuses, yet adoption is often ad hoc, driven by individual lecturers, with fragmented institutional policies and uneven student readiness, particularly in private universities outside major urban centers (Pratama et al., 2024).
In provinces such as Central Kalimantan, limited digital infrastructure, heterogeneous student backgrounds, and scarce training in AI-based pedagogy compound these challenges. Initial indications suggest that chatbots are more often used for routine tasks than as reflective dialogic partners in learning processes, while the relationships between chatbot use, self-efficacy, and multidimensional learning outcomes remain rarely examined systematically. To address these gaps, this study seeks to answer three questions: (RQ1) How do lecturers and students in private universities in Central Kalimantan strategically employ AI-based chatbots as learning companions? (RQ2) How do these usage strategies shape self-efficacy and learning outcomes? and (RQ3) What conceptual model can explain the relationships between chatbot use, the development of self-efficacy, and learning outcomes in resource-constrained higher education contexts?
2. LITERATURE REVIEW 
2.1 AI chatbots in higher education
Recent systematic reviews position AI-based conversational agents as a key innovation in higher education, supporting tutoring, feedback, course navigation, and administrative assistance across disciplines and institutional types (Okonkwo & Ade-Ibijola, 2021; Wollny et al., 2021). A meta-analysis of 51 studies (November 2022–February 2025) indicates that integrating ChatGPT significantly improves academic performance, affective motivational states, and higher-order thinking, while reducing students’ cognitive load, with course type, learning model, and intervention duration moderating these effects and highlighting the centrality of pedagogical design for chatbot effectiveness (Wang & Fan, 2025).
Large-scale surveys show that students primarily use generative chatbots such as ChatGPT to generate ideas, summarize readings, clarify concepts, and explore the literature, with usage patterns shaped by perceived usefulness, ease of use, and low perceived risk (Chan & Hu, 2023). Systematic reviews and rapid evidence syntheses conclude that pedagogical chatbots are most effective when tightly integrated into course design, where repeated dialogic interactions and ongoing feedback foster deeper processing and learner autonomy, particularly in blended and online settings; experimental and quasi experimental studies further show that ChatGPT mediated activities enhance writing quality, problem-solving, and transfer to authentic tasks when students are required to revise, justify, and reflect on AI-generated suggestions (Deng & Yu, 2024; Kuhail et al., 2023).
2.2 Self-efficacy in technology-mediated learning
Grounded in Social Cognitive Theory, self-efficacy individuals’ beliefs in their capabilities to attain specified performance levels is recognized as a critical psychological resource in digital learning environments (Bandura, 1977, 1997). Self-efficacy shapes task choice, effort, persistence in the face of obstacles, and ultimately academic achievement, with structural equation modeling studies identifying academic self-efficacy as a strong predictor of digital competence that can outweigh other motivational factors in technology-based learning (Hatlevik et al., 2018; Schunk & DiBenedetto, 2021).
Systematic reviews from 2020–2024 emphasize that students’ confidence in using technology influences how they engage with online platforms, manage time, and cope with technical and cognitive challenges (Alemayehu & Chen, 2023; Honicke & Broadbent, 2016). Research in technology-based language learning links higher technology self-efficacy to more proactive engagement and more frequent, varied use of digital tools, while a meta-analysis on ChatGPT’s effects on self-efficacy reports a moderate but heterogeneous pooled effect (g+ = 0.441, 95% CI [−0.141, 1.023]), suggesting strong contextual moderation; evidence from Indonesia shows a significant positive relationship between ChatGPT use and self-efficacy (R² = 0.546, p < .001), indicating a substantial contribution of ChatGPT to self-efficacy variance in specific cultural and institutional configurations (Deng & Yu, 2024; Hasanah & Purnomo, 2025; Lai et al., 2022).
2.3 AI chatbots in higher education in developing countries
Scholarship from developing countries highlights both the potential and constraints of chatbot adoption in higher education. A study in a Zimbabwean university reports that lecturers perceive chatbots as promising for efficiency, personalization, and feedback, yet face challenges related to funding, infrastructure, technical support, and weak policy frameworks, while cross-context analyses identify unstable connectivity, uneven digital readiness, and limited organizational capacity as major barriers, alongside qualitative evidence portraying chatbots as a “blessing and a curse” that support assignment writing and exam preparation but raise concerns about plagiarism, shallow understanding, and student passivity (Crompton & Burke, 2023; Mugobo et al., 2024; Tlili et al., 2023).
Research on chatbot adoption in service and education sectors in Africa and Asia shows that satisfaction, trust, and anthropomorphic cues can strengthen acceptance, whereas low AI literacy and perceptions of learning dehumanization undermine sustained use (Yen & Chiang, 2024). In Indonesian and regional universities, students’ willingness to use ChatGPT and institutional chatbots is shaped by perceived pedagogical benefits, clarity of assessment policies, and alignment with local norms, while infrastructure constraints and limited staff training persist as key obstacles, underscoring that chatbot-supported learning in private universities in Central Kalimantan must be interpreted within local socio-cultural realities and infrastructural conditions rather than through generic technology-acceptance models (Pratama et al., 2024).
2.4 Linking chatbot use, self-efficacy, and learning outcomes
Synthesizing these strands, the literature increasingly frames AI chatbots as “learning companions” that mediate reciprocal links between usage patterns, self-efficacy development, and learning outcomes. Systematic reviews indicate that fast, non-judgmental, and emotionally supportive feedback can create psychologically safe spaces for questioning and experimentation, thereby fostering mastery experiences that build self-efficacy, which in turn is associated with more frequent and strategic chatbot use, deeper cognitive engagement, and improved academic performance and digital competence (Kuhail et al., 2023; Wang & Fan, 2025).
Research on relational agents shows that empathetic, personalized communication in conversational systems can enhance trust, motivation, and sustained engagement, particularly for users who feel socially or institutionally marginalized, whereas empirical studies in both high- and low-resource contexts warn that unstructured, task-completion–oriented chatbot use may encourage shallow dependence on AI answers and weaken self-regulation capacities (Bickmore & Picard, 2005; Kasneci et al., 2023). Consequently, the literature calls for pedagogical frameworks that position AI chatbots not merely as information providers but as deliberately orchestrated mediators of cognitive, metacognitive, and affective processes, to be empirically tested in underrepresented private university contexts such as those in Central Kalimantan, Indonesia.
3. RESEARCH METHODS 
3.1 Research design
This study employed a qualitative design within an interpretivist paradigm to examine how students and lecturers in private universities in Central Kalimantan make sense of AI-based chatbots as learning companions. Rather than testing causal relationships, a multiple-case study approach was adopted across three institutions to explore patterns and cross-context variation while preserving rich description and sensitivity to the social, cultural, and institutional dynamics surrounding technology practices (Merriam & Tisdell, 2016; Yin, 2018).
3.2 Research setting
The research was conducted in three private universities in Central Kalimantan Province, Indonesia, selected to represent variation in institutional size, technological infrastructure, and student demographics. The three institutions, coded as Universities A, B, and C, were purposively chosen because they had integrated AI-based chatbots into learning management systems or student services to address academic inquiries, course guidance, and feedback, with locations in Palangka Raya and two satellite towns providing a geographically and socio-culturally typical provincial higher education context.
3.3 Participants
Participants comprised 27 undergraduate students and 6 lecturers recruited through criterion-based purposive sampling. Students were included if they (1) had used AI-based chatbots (e.g., ChatGPT, Bing Copilot, or institutional chatbots) in their learning for at least one semester, (2) came from diverse study programs (education, business, computer science, and social sciences), and (3) were willing to participate in in-depth interviews and focus group discussions (FGDs). Lecturers were recruited to provide complementary perspectives on instructional strategies and student behaviors they observed, with attention to variation in gender, rural urban origin, and levels of digital literacy.
3.4 Data collection methods
Four primary techniques were used to ensure triangulation: semi-structured interviews, FGDs, observations, and document analysis. Interviews with 27 students and 6 lecturers (45–75 minutes) were conducted between January and April 2025 in Indonesian, focusing on chatbot use patterns, perceived benefits and challenges, and influences on confidence and academic performance; all interviews were audio-recorded, transcribed verbatim, and translated into English for analysis. Three FGDs (one per university, each with 6–8 students) elicited collective reflections on chatbot experiences, peer influences, and institutional support, while classroom and selected online-session observations, together with institutional documents (usage logs, digital learning policies, course materials), provided contextual evidence of actual practices.
3.5 Data analysis procedures
Data analysis followed Miles, Huberman, and Saldaña’s framework, moving through iterative cycles of data condensation, data display, and conclusion drawing and verification (Miles et al., 2014). Inter-coder reliability was estimated using Cohen’s κ and reached 0.82, exceeding the commonly accepted threshold of 0.80 for strong agreement. Transcripts were coded line by line to generate initial codes (e.g., increased confidence, technical challenges, peer influence), which were then clustered into categories and themes related to chatbot use and learner transformation; findings were mapped in matrices and diagrams and refined through analytic memos and triangulation across interviews, FGDs, observations, and documents, with NVivo 14 supporting iterative data management and thematic development.
3.6 Establishing inter-coder reliability
Inter-coder reliability (ICR) was assessed by asking the lead researcher and a qualitative research assistant to independently code six interview transcripts (approximately 22% of the data) using the initial coding frame. The first calculation of Cohen’s kappa yielded κ = 0.74 (substantial agreement), and after discussion and refinement of the codebook, a second round on three additional transcripts produced κ = 0.82, indicating strong agreement and improved coding consistency (McHugh, 2012; O’Connor & Joffe, 2020).
3.7 Achieving theoretical saturation
Theoretical saturation was monitored through an overlapping and iterative process of data collection and analysis. Following Saunders et al. (2018) and Hennink and Kaiser (2022), saturation was defined as the point at which no new codes emerged, thematic categories were populated with varied examples, and relationships among themes were stable across groups and institutions. After interviews with 18 students and 4 lecturers, three main strategic domains pedagogical integration, interactional engagement, and learning reinforcement appeared consistently; subsequent interviews mainly deepened existing themes, and by the 27th interview, fieldnotes and analytic memos documented conceptual redundancy.
3.8 Trustworthiness and validation
The quality of findings was guided by Lincoln and Guba’s trustworthiness criteria—credibility, transferability, dependability, and confirmability (Lincoln & Guba, 1985). Credibility was enhanced through sufficient field engagement, method triangulation (interviews, FGDs, observations, documents), and member checking. Transferability was supported by thick contextual description; dependability was maintained through a detailed audit trail of data collection procedures and analytic decisions; and confirmability was promoted via reflexive journaling and peer debriefing with two external educational technology experts who reviewed the coding framework, thematic structure, and interpretations.
3.9 Member-checking procedures
Member checking was conducted in two stages. In March 2025, preliminary thematic summaries and illustrative excerpts were shared with 12 participants (9 students, 3 lecturers) to obtain feedback on accuracy and completeness, leading to minor adjustments to theme labels and narrative context. In May 2025, the conceptual model and draft findings were presented to 8 participants in one online and one face-to-face workshop, where they confirmed the model’s relevance and contributed additional reflections on institutional constraints and developmental directions.
3.10 Ethical considerations
The study complied with the guidelines of the Indonesian National Research Ethics Committee and received ethical clearance from the ethics board of Sekolah Tinggi Pastoral Tahasak Danum Pambelum Palangkaraya (No. 2025/ETIK/041) prior to data collection. All participants received information sheets, signed informed consent forms, participated voluntarily without coercive incentives, and had no personal identifiers included in reported data; digital data were stored in encrypted form and accessible only to the research team. Cultural sensitivity was maintained by respecting local communication norms, particularly in rural communities, and by guaranteeing participants’ right to withdraw at any time without consequences.
3.11 Researcher reflexivity
Recognizing the interpretive nature of qualitative research and the lead researcher’s dual position as an educator in the same province, the study incorporated reflexive practices through memo writing on assumptions, emotional responses, and contextual observations that might shape interpretation. Triangulation with external reviewers and transparent procedural documentation were used to minimize individual bias and strengthen the integrity of the analysis.

4. FINDINGS 
4.1 Overview of themes and frequencies
Analysis of interviews with 27 students and 6 lecturers, complemented by FGDs, observations, and institutional documents, produced three main thematic clusters concerning the strategic use of AI-based chatbots as learning companions in the three private universities. These clusters are: (1) pedagogical integration strategies, (2) mechanisms of interactional engagement and self-efficacy, and (3) learning reinforcement and academic outcomes.
Table 1 presents the proportion of student and lecturer narratives coded within each domain, showing that most students and all lecturers contributed to all three domains, indicating that these themes represent cross-case patterns rather than isolated findings tied to particular individuals or institutions. The table is used to underline the breadth of participation and the robustness of the three strategic domains across the sites.
​Table 1. Frequency of themes across participants
		Thematic domain
	Students (n = 27)
	Lecturers (n = 6)
	Illustrative focus

	Pedagogical integration strategies
	24 (89%)
	6 (100%)
	Embedding chatbot-based assignments into courses

	Interactional engagement and self-efficacy
	22 (81%)
	5 (83%)
	Confidence, motivation, emotional support

	Learning enhancement and academic outcomes
	25 (93%)
	6 (100%)
	Understanding, writing quality, study discipline






4.2 Theme 1: pedagogical integration strategies
The first theme highlights how chatbots are woven into everyday academic practice. Students generally positioned AI chatbots as cognitive scaffolds to clarify concepts, generate examples, and break down complex readings, while lecturers designed tasks that required students to summarize texts, critique arguments, or rehearse explanations before in-class presentations. At University A, some courses explicitly required structured interactions with ChatGPT, including comparing chatbot explanations with textbooks or drafting and then revising essay outlines after consulting the chatbot, whereas at Universities B and C, where use was more student-initiated and unstructured, lecturers reported greater variability in information quality and a rising tendency to copy AI output without critical evaluation.
4.3 Theme 2: interactional engagement and self-efficacy
The second theme underscores the psychological and relational dimensions of chatbot interaction and their links to self-efficacy. Around 81% of students (n = 22) reported that routine dialogue with chatbots increased their confidence in dealing with difficult readings, solving problems, and preparing assignments, largely because they could “ask anything” without fear of judgment, and because rapid, non-judgmental feedback felt less intimidating than speaking in large classes. At the same time, about 19% of students (n = 5) acknowledged becoming overly dependent, for example delaying critical thinking or rarely returning to textbooks and peers, which raised lecturers’ concerns about an “outsourced self-efficacy” grounded more in access to AI than in internalized competence.
4.4 Theme 3: learning reinforcement and academic outcomes
The third theme focuses on how chatbot use reinforced conceptual understanding, writing quality, and study habits. Most students (n = 25; 93%) reported using chatbots for personalized review before quizzes and exams requesting practice questions, alternative explanations, or step-by-step guidance and lecturers observed that regular users tended to produce more coherent assignments with clearer arguments and better structure, albeit with some concern about stylistic homogenization and overly polished phrasing. Students also described improved time management and study discipline when using chatbots to plan schedules, reminders, and checklists, though the depth of benefit depended on the extent to which they critically compared chatbot outputs with lecture notes and other sources rather than reproducing AI-generated text uncritically.
4.5 Synthesis: from utilisation to transformative companionship
Synthesizing the three themes yields a reciprocal model linking structured chatbot use, strengthened self-efficacy, and enhanced learning outcomes. Deliberate pedagogical integration (Theme 1) creates guided dialogic spaces with the chatbot that reinforce students’ self-efficacy and emotional safety (Theme 2), which in turn supports more sustained, reflective learning practices and stronger academic products (Theme 3).
This pattern aligns with meta-analytic findings recommending continuous use of ChatGPT over 4–8 weeks to stabilize learning effects, with problem-based learning showing particularly strong gains (Wang & Fan, 2025). Consistent with theories of fit, students benefit most when chatbots are used to activate prior knowledge, clarify misconceptions, and build explanations rather than as decontextualized information providers, while risks of shallow dependence and reduced cognitive effort underscore the need for explicit pedagogical strategies that foster critical use, verification of AI outputs, and gradual internalization of self-regulated learning skills. Within this framework, AI chatbots are positioned as potential transformative learning companions whose impact is largely shaped by how students, lecturers, and institutions jointly configure the conditions of interaction.
​5. DISCUSSION 
5.1 Local digital pedagogy in constrained contexts
The findings indicate that when lecturers in Central Kalimantan deliberately embed chatbot-based tasks into teaching and assessment, chatbots cease to function merely as information sources and instead act as pedagogical partners that scaffold students’ inquiry, reflection, and revision. This pattern aligns with international evidence that the learning benefits of conversational agents are strongest when activities are explicitly designed around the chatbot rather than offered as optional add-ons (Kuhail et al., 2023; Wang & Fan, 2025). In contexts of limited bandwidth, uneven device access, and diverse digital competence, “local digital pedagogy” requires careful task sequencing, systematic offline cross-checking of chatbot outputs, and a blend of AI-mediated dialogue with face-to-face support to prevent technological constraints from turning into pedagogical deficits.
5.2 Infrastructural challenges and regional parallels
Lecturers’ reports of unstable internet connectivity, minimal institutional server capacity, and limited technical support mirror findings from a Zimbabwean university, where cloud infrastructure and IT support are viewed as prerequisites for meaningful chatbot integration (Mugobo et al., 2024). Similar patterns emerge in Afghanistan, where AI-enabled distance learning is hampered by unreliable electricity, poor internet quality, and restricted access to affordable devices, even though AI continues to provide vital pathways for educational continuity, positioning Central Kalimantan as a “low-infrastructure, high-need” context in which chatbot innovation must be coupled with infrastructural investment and strengthened human support systems (Tlili et al., 2023).
5.3 Cultural norms, relationality, and learner agency
Students’ preference for chatbots as “non-judgmental partners” reflects local classroom cultures in which speaking up in public forums is perceived as risky or inappropriate, particularly for first-generation and rural-background students. This resonates with relational-agent research showing that warm, personalized communication can cultivate trust and sustained engagement, especially among users who feel marginalized, with chatbots lowering social barriers, enabling quieter students to rehearse explanations and test ideas before class, and gradually strengthening their academic self-efficacy and sense of agency (Bickmore & Picard, 2005).
5.4 Resistance, risk perceptions, and innovation dynamics
Alongside enthusiasm, the data reveal pockets of resistance and ambivalence among lecturers and students, including concerns about plagiarism, dehumanization of teaching, and the reliability of AI-generated content. These concerns align with Innovation Resistance Theory–informed studies that identify information quality, workflow disruption, and psychological risk as key drivers of educators’ reluctance to adopt chatbots, with limited policy guidance and institutional training in Central Kalimantan amplifying perceptions that AI challenges professional identity, local epistemic norms, and established hierarchies of expertise (Chan & Hu, 2023).
5.5 From support tool to transformative companion
Overall, the findings support conceptualizing AI chatbots as potential “transformative learning companions” whose impact is mediated by how human actors negotiate infrastructural boundaries, cultural expectations, and innovation resistance dynamics. When lecturers align curricular goals, students’ prior knowledge, and chatbot capabilities, interactions tend to bolster self-efficacy, deepen understanding, and foster more inclusive participation; by contrast, when infrastructural vulnerabilities, cultural skepticism, and unaddressed anxieties dominate, chatbots risk being reduced to shallow answer engines or symbols of imposed technological change, underscoring the need for context-sensitive, human-centered AI policies and systematic professional development in private universities in Central Kalimantan and comparable regions.
6.CONCEPTUAL MODEL  
6.1 Model overview
The conceptual model positions AI-based chatbots as transformative learning companions that mediate reciprocal relationships between strategic use, strengthened self-efficacy, and learning outcomes in resource-constrained higher education settings. As illustrated in Figure 1, three strategic domains (1) pedagogical integration, (2) interactional engagement, and (3) learning reinforcement are organized within a feedback loop that links patterns of chatbot use to students’ self-efficacy dynamics and cognitive–affective achievement.
Theoretically, the structure is grounded in Social Cognitive Theory, which emphasizes the role of efficacy beliefs in connecting learning experiences with behavior and performance (Bandura, 1997). It is further supported by research on relational conversational agents showing that empathetic, personalized communication can enhance users’ trust and engagement, and by recent meta-analytic evidence that highlights interaction design and communication principles including emotional support and dialogic feedback as key factors explaining the extent to which AI agents such as ChatGPT can positively influence learning (Bickmore & Picard, 2005; Wang & Fan, 2025).
6.2 Transformative learning feedback loop (Figure 1)
In this model, AI chatbots are framed as transformative learning companions mediating reciprocal links among the three strategic domains. The bidirectional arrows represent feedback loops connecting (1) pedagogical integration strategies → (2) interactional engagement and self-efficacy → (3) learning reinforcement and outcomes, as well as return paths from learning outcomes back to self-efficacy and pedagogical strategies, illustrating how successful learning experiences strengthen students’ confidence and drive ongoing refinement of lecturers’ instructional designs.
​

Figure 1. Conceptual Model of AI Chatbots as Transformative Learning Companions: Feedback Loop Between Strategic Utilisation, Self-Efficacy Development, and Learning Outcomes
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6.3 Operationalising the model for chatbot-mediated learning
Table 2 operationalizes the conceptual model by outlining a strategic framework that specifies key processes, typical practices observed in the study, and proximal outcomes, as well as risks that arise when each domain is not purposefully guided. In doing so, Table 2 provides a practical bridge between the idea of AI chatbots as transformative learning companions and the concrete pedagogical design decisions made at the classroom level.
[bookmark: _Hlk216013099]Tabel 2. Model Components 
			Domain
	Key components
	Function in the feedback loop

	Pedagogical Integration
	Task embedding, assessment design, reflection prompts
	Creating structure for meaningful chatbot use

	Interactional Engagement
	Immediate feedback, non-judgmental dialogue, relational cues
	Building self-efficacy and emotional safety 

	Learning Reinforcement
	Personalized review, study discipline, conceptual deepening
	Producing measurable cognitive–affective learning outcomes

	Contextual Moderators
	Infrastructure, cultural norms, institutional policies
	Moderating the effectiveness of the overall system









6.4 Strategic framework for chatbot‑mediated learning
Table 3 synthesizes a strategic framework for leveraging AI chatbots as supports for transformative learning by mapping the three strategic domains onto key processes, typical practices, proximal outcomes, and associated risks. The narrative explanation maintains the substance of the table while presenting it in a form that is clearer and easier to integrate into the manuscript text.
Taken together, Table 3 highlights that each domain requires intentional pedagogical design, with processes, practices, and outcomes closely interconnected, and with identified risks serving as reminders of the need for critical regulation of chatbot use in learning. This framing underscores that AI chatbots contribute most productively when their integration is systematically planned rather than left to ad hoc or purely instrumental use
Table 3. Strategic Framework for Leveraging AI Chatbots as Supports for Transformative Learning
		Strategic domain
	Key processes
	Typical practices
	Proximal outcomes
	Risks if unguided

	Pedagogical integration
	Aligning chatbot tasks with learning outcomes and assessment
	Embedding chatbot prompts in readings, essays, and exam reviews; requiring comparison with textbooks
	Clearer task structures; more purposeful chatbot use
	Last‑minute superficial use; copying AI answers

	Interactional engagement & self‑efficacy
	Designing supportive relational dialogue and critical prompts
	Encouraging iterative questioning, justification, and reflection; normalizing errors
	Higher confidence, reduced anxiety, greater persistence
	Over‑reliance on AI; “outsourced” self‑efficacy

	Learning reinforcement & outcomes
	Personalizing review, structuring study routines, deepening understanding
	Using chatbots for practice questions, study planning, and conceptual clarification
	Improved writing quality, better retention, stronger study habits
	Stylistic homogenization; uncritical reproduction






7. IMPLICATIONS
7.1 Implications for practice
The findings highlight the need to integrate chatbots through structured, learning-aligned tasks that require students to compare, evaluate, and justify AI outputs rather than simply “look up answers.” Students should be explicitly supported to become critical users who verify, cross-check, and appropriately cite chatbot-generated content. At the same time, affective design matters: systems should provide supportive, non-judgmental feedback, particularly for students from cultures where asking questions in public is perceived as risky. Institutions are encouraged to develop clear written guidelines on AI use and academic integrity, and to invest in professional development that equips lecturers not only with technical skills, but also with pedagogical principles for human AI collaboration, including prompt design, assessment redesign, and strategies to monitor student engagement.
7.2 Theoretical implications
At the theoretical level, this study extends self-efficacy theory to AI-mediated learning by showing that chatbot interactions can both strengthen academic self-efficacy and trigger “outsourced self-efficacy,” where confidence rests on access to AI rather than internalised competence. The proposed conceptual model positions pedagogical integration, interactional engagement, and learning reinforcement as interwoven domains rather than discrete factors. Grounded in low-resource private universities, the study also contextualises global technology acceptance frameworks and underscores the need to adapt universal models to institutional realities shaped by infrastructural constraints and local cultural dynamics.
7.3 Policy implications
For institutional and public policy, the results point to the importance of targeted infrastructure investment (connectivity, devices, and technical support), deliberate action to address gaps in AI access and literacy so that chatbot adoption does not widen inequalities between well-resourced and under-resourced institutions, and the development of a national AI-in-education framework that balances innovation with academic integrity while offering flexible guidance for context-sensitive institutional policies.
8. LIMITATIONS AND FUTURE DIRECTIONS 
This study is limited by its qualitative design, which does not allow causal inferences, by a sample drawn from only three private universities in a single province, by its reliance on self-reported gains without triangulation using objective performance indicators, and by the absence of institutional policy-makers’ perspectives. Future research should adopt mixed-methods designs with quasi-experimental components, longitudinal studies across semesters, and cross-provincial and cross-institutional comparisons to test the effects of chatbot use more robustly and broadly. Incorporating objective performance measures and systematically evaluating lecturer training programmes on chatbot integration will be important for strengthening the empirical basis of policy and pedagogical decision-making in higher education.
9. CONCLUSION
This qualitative multiple-case study examined how AI-based chatbots are used as learning companions and how their use relates to students’ self-efficacy and learning outcomes in three private universities in Central Kalimantan. Analysis of data from 27 students and 6 lecturers identified three interrelated domains pedagogical integration, interactional engagement and self-efficacy, and learning reinforcement and academic outcomes and showed that structured, lecturer-guided, and critically oriented chatbot use is associated with higher academic self-efficacy, better assignment quality, and more disciplined study habits, whereas unstructured use tends to foster shallow dependence on AI outputs. The study proposes a conceptual model that positions AI chatbots as transformative learning companions mediating the feedback loop between strategic utilisation, strengthened self-efficacy, and cognitive affective outcomes, and argues that their transformative potential is shaped less by the technology itself than by pedagogical design, critical engagement practices, and institutional policies in low-resource higher education contexts.
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