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ABSTRACT 
Aim/Purpose This study examined whether embedding ChatGPT (GPT-4o) within Stu-

dent Teams Achievement Divisions (STAD) cooperative learning improves 
academic achievement, learning attitudes, and interaction equity for linguisti-
cally heterogeneous undergraduates. 

Background Linguistically diverse classrooms face an equity problem in which language 
proficiency operates as a status characteristic. Most existing AI-in-education 
studies report aggregate effects rather than subgroup outcomes, and few em-
bed AI within structured cooperative architectures. 

Methodology An 18-week quasi-experimental design with three time points was conducted 
at a Taiwanese university (N = 125; experimental n = 65, control n = 60). 
Participants were stratified by Test of Chinese as a Foreign Language 
(TOCFL) proficiency band, with Band A2 as the lower-proficiency thresh-
old. The experimental condition followed a six-phase STAD workflow with 
tiered prompting and progressive scaffolding fading. Analyses included re-
peated-measures ANOVA, ANCOVA, and content analysis of reflection 
logs. 

Contribution This study contributes (a) initial subgroup-level evidence, awaiting multi-site 
replication, that AI-enhanced STAD may narrow proficiency-based achieve-
ment gaps in content-area cooperative learning, (b) a replicable governance-
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embedded design, and (c) a theoretical extension positioning AI as a more 
knowledgeable other within the zone of proximal development. 

Findings Five findings emerged. The experimental group exhibited steeper achieve-
ment growth (posttest d = 0.91). Four of six attitude dimensions improved 
significantly, led by Learning Confidence (d = 0.97). Self-reported prompt-
ing purposes differed substantially by proficiency subgroup (Cramér’s V = 
0.37), with lower-proficiency learners reporting more language-clarification 
queries. The proficiency-based achievement gap narrowed from 16.60 to 
4.00 points (Group × Proficiency partial η² = 0.050). Exploratory and pre-
liminary evidence further suggested that female students reported higher re-
sidual subject anxiety than male students. However, this finding did not sur-
vive Bonferroni correction and is constrained by low subscale reliability. 

Recommendations 
for Practitioners 

Practitioners should embed AI access at specific interaction nodes, differen-
tiate scaffolding through tiered prompts, govern AI use through written 
agreements and reflection logs, plan progressive fading, and monitor affec-
tive outcomes for vulnerable subgroups. 

Recommendations 
for Researchers 
and Future 
Research 

Future research should deploy automated, timestamped AI usage logs; repli-
cate across institutions and disciplines; revise low-reliability subscales using 
rigorous CFA on larger samples (N ≥ 300); and conduct longitudinal follow-
up to assess persistence of equity effects. 

Impact on Society The equity evidence suggests that blanket AI prohibitions may inadvertently 
disadvantage linguistically diverse learners. The governance-embedded de-
sign offers an adaptable model for institutional and national AI-use policies. 

Keywords ChatGPT, GPT-4o, cooperative learning, STAD, linguistically diverse learn-
ers, interaction equity, higher education, generative AI, scaffolding 

INTRODUCTION 
International student mobility has grown substantially over the past two decades. According to 
UNESCO data cited in the Organisation for Economic Co-operation and Development’s 
(OECD, 2024) Education at a Glance 2024 report, the global population of internationally mo-
bile tertiary students reached approximately 6.9 million in 2022. This represents a 176% in-
crease from the 2002 baseline of 2.5 million (OECD, 2024). Internationally mobile students 
now constitute approximately 6% of all tertiary students in OECD countries. More than 4.6 
million were enrolled across OECD-country institutions in 2022 (OECD, 2024). Beyond inter-
national inbound students, domestic minority-language learners, and students studying through 
non-native languages of instruction, the population that must engage with disciplinary content 
in a second language is further amplified. This demographic shift creates a structural challenge. 
When students of unequal language proficiency collaborate on communication-intensive tasks, 
language proficiency operates as a de facto status characteristic. It determines who speaks, who 
is heard, and whose ideas shape group products (Andrade & Valtcheva, 2009). 

Cooperative learning structures, such as Student Teams Achievement Divisions (STAD) 
(Slavin, 1983, 1996), are widely adopted to promote positive interdependence and individual 
accountability. Meta-analytic evidence supports their positive effects on achievement, motiva-
tion, and social skills (Johnson et al., 1998; Kyndt et al., 2013). Yet well-documented interac-
tion imbalances persist in linguistically heterogeneous groups. Higher-proficiency students 
dominate discussion while lower-proficiency peers withdraw (Gillies & Boyle, 2010; Le et al., 
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2018). From a sociocultural perspective (Vygotsky, 1978), linguistic barriers restrict participa-
tion in meaning negotiation. The scaffolding mechanisms that cooperative learning is designed 
to activate become unevenly distributed. 

The proliferation of generative artificial intelligence (AI), particularly large language models 
such as ChatGPT, opens new possibilities for addressing this challenge. Generative AI affords 
real-time linguistic simplification, concept clarification, bilingual bridging, and reflective 
prompting (Yan et al., 2024), all of which are directly relevant to linguistically diverse coopera-
tive settings. However, design intentionality predicts learning outcomes more strongly than 
technology adoption per se (Tamim et al., 2011). The pedagogical value of ChatGPT, therefore, 
depends on the instructional architecture surrounding its use, including role assignments, inter-
action protocols, and metacognitive prompts. 

Despite burgeoning interest, three interrelated gaps limit the field’s ability to guide principled 
AI integration into cooperative learning for linguistically diverse populations: (a) methodologi-
cal reliance on single-point, between-group designs that obscure learning trajectories; (b) lim-
ited evidence on AI scaffolding in content-area cooperative settings (as distinct from foreign-
language or writing instruction); and (c) equity claims that are rarely operationalised with sub-
group-level evidence. Each gap, including key empirical exemplars and methodological cri-
tiques, is examined in detail in the Literature Review. The present study addresses these gaps in 
one specific configuration of multilingual higher education: a Mandarin-medium content-area 
course with learners stratified by TOCFL band in a Taiwanese university. We do not claim that 
the findings generalise to typologically diverse plurilingual settings (e.g., European Erasmus or 
sub-Saharan African universities), and we return to this scope condition in the Limitations sec-
tion. 

The present study addresses these gaps by investigating how a ChatGPT-enhanced cooperative 
learning intervention influences achievement, attitudes, and interaction equity. The participants 
are first-year marketing students with heterogeneous Mandarin proficiency at a Taiwanese uni-
versity. The study makes three contributions: (a) a replicable intervention design integrating 
ChatGPT as an adaptive scaffold within a structured cooperative learning workflow with ex-
plicit governance; (b) a multi-strand evaluation combining repeated-measures outcome analysis, 
usability assessment, and equity-focused subgroup analyses; and (c) subgroup-level equity evi-
dence through Group × Proficiency interaction analyses. The latter draws on the computer-
supported collaborative learning (CSCL) affordance framework (Jeong & Hmelo-Silver, 2016) 
to offer transferable design principles. 

RESEARCH QUESTIONS 
To enable consistent traceability across the Methodology, Results, Discussion, and Conclusion, 
six research questions and six sub-questions are enumerated. The hierarchy follows three 
strands. 

Strand 1: Learning Outcomes 

• RQ1. Does the ChatGPT-enhanced cooperative learning intervention improve aca-
demic achievement compared to traditional cooperative learning? 

• RQ2. Does the intervention improve learning attitudes relative to the control group 
across six attitudinal dimensions? 

Strand 2: Interaction Processes 

• RQ3. How do students use the AI scaffold? 

– RQ3a. Is there a positive dose-response relationship between AI usage and learn-
ing outcomes? 
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– RQ3b. Do students of differing language proficiency use the AI scaffold differ-
ently in terms of prompting purpose? 

• RQ4. Does the intervention improve collaborative interaction quality within coopera-
tive teams? 

Strand 3: Equity and Moderation 

• RQ5. Does the intervention narrow gaps between language-proficiency subgroups? 

– RQ5a. Does the achievement gap narrow between higher-proficiency and lower-
proficiency subgroups? 

– RQ5b. Within the experimental group, do lower- and higher-proficiency learners 
differ in attitudinal change? (Exploratory within-experimental-group subgroup 
analysis; not a Group × Proficiency interaction test of differential intervention ef-
fects on attitudes.) 

• RQ6. Are there gender-related differences in posttest outcomes? (Note: This RQ was 
operationalised through gender main-effect ANCOVAs, a Group × Gender interac-
tion was not formally estimated.) 

– RQ6a. Are there gender differences in posttest achievement? 

– RQ6b. Are there gender differences in posttest attitudes, particularly subject 
anxiety? 

The conceptual model predicts that the AI scaffold will function as a supplementary, more 
knowledgeable other (MKO) within the zone of proximal development (ZPD) for lower-profi-
ciency learners. It will simultaneously reduce extraneous linguistic load and free cognitive re-
sources for content processing. This dual mechanism predicts disproportionate gains for the 
most linguistically disadvantaged students. Detailed hypotheses corresponding to each sub-
question appear in the methodology section. 

The remainder of the paper is organised as follows. Building on the gaps outlined above, the 
literature review establishes the foundations of sociocultural and cognitive load theory. It criti-
cally evaluates empirical evidence on AI-assisted cooperative learning across diverse contexts 
and develops the conceptual model. The methodology then specifies the design, participants, 
intervention, instruments, and analytic plan. The results, discussion, implications, limitations, 
and conclusion sections follow in sequence. 

LITERATURE REVIEW AND THEORETICAL FRAMEWORK 
THEORETICAL FOUNDATIONS: SOCIOCULTURAL SCAFFOLDING AND 
COGNITIVE LOAD THEORY 
The theoretical foundation of this study draws on two complementary frameworks: Vygotsky’s 
(1978) sociocultural theory and cognitive load theory (CLT) (Sweller, 1988; Sweller et al., 2019). 
Both address a common pedagogical concern: how instructional support can be designed when 
task demands exceed the learner’s independent capabilities. 

The zone of proximal development (ZPD) posits that learning is most productive in the space 
between independent and assisted performance. The pedagogical mechanism enabling this is 
scaffolding: temporary, contingent support that fades as competence grows (Wood et al., 
1976). Effective scaffolding is calibrated, responsive, and progressively faded (Belland, 2014; 
Puntambekar & Hübscher, 2005). Traditionally, scaffolding originates from instructors, capable 
peers, or structured materials. The introduction of generative artificial intelligence (AI) raises 



Chen & Keng 

5 

the possibility that an AI system may function as an additional, more knowledgeable other 
(MKO). It can provide on-demand linguistic and conceptual support at the moment of need 
(Kasneci et al., 2023; Yan et al., 2024). 

The conceptualisation of generative AI as a form of MKO is supported by recent systematic 
evidence (Kasneci et al., 2023; Yan et al., 2024). However, the analogy has important limita-
tions. Unlike a human tutor, an AI tool cannot perceive nonverbal cues, sustain relational rap-
port, or exercise professional judgment about when to withhold support (Kasneci et al., 2023). 
This limitation underscores the need to embed AI scaffolding within a deliberately designed in-
structional workflow rather than as an unstructured supplement. 

Cognitive load theory (CLT) provides a complementary lens. CLT distinguishes among intrin-
sic, extraneous, and germane load (Sweller et al., 2019). In linguistically heterogeneous class-
rooms, lower-proficiency learners face a dual processing burden. They must decode linguistic 
input while simultaneously engaging with disciplinary content. The result is elevated extraneous 
cognitive load that reduces resources for germane processing (Gibbons, 2015). An AI scaffold 
that simplifies language, provides bilingual bridging, or pre-clarifies terminology can reduce this 
extraneous load (Yan et al., 2024). Hong and Guo (2025), in a study of AI-enhanced multi-dis-
play language teaching systems with 302 EFL learners, reported significant improvements in 
cognitive load management. However, the study used self-reported load measures. It therefore 
left unaddressed whether processing efficiency genuinely improved or whether perceived load 
was reduced through novelty. 

Integrating these frameworks yields a coherent rationale. Sociocultural theory explains why AI 
scaffolding should be embedded at specific interaction nodes (to function as an MKO within 
the ZPD). CLT explains how such scaffolding operates cognitively (by reducing extraneous lin-
guistic load). Both converge on the principle that scaffolding must be adaptive, contingent, and 
progressively faded. This principle is also reflected in the SMART (Self-directed, Motivated, 
Adaptive, Resource-enriched, Technology-embedded) framework for smart education (Zhu et 
al., 2016). It informs the design heuristic of the present intervention. 

COOPERATIVE LEARNING AND AI-ASSISTED COLLABORATION 
Building on the theoretical foundation above, this section reviews the empirical evidence on 
cooperative learning in linguistically diverse contexts and the integration of AI tools. Meta-ana-
lytic syntheses consistently report positive effects of cooperative learning on achievement, mo-
tivation, and social skills (Johnson et al., 1998; Kyndt et al., 2013; Slavin, 1996). The STAD 
model is among the most widely implemented structures (Slavin, 1983), combining whole-class 
instruction, heterogeneous team practice, individual quizzes, and team recognition. Its effec-
tiveness depends on positive interdependence and individual accountability (Slavin, 1996). 

Despite these benefits, cooperative learning faces persistent challenges in linguistically hetero-
geneous classrooms. Research consistently documents interaction imbalances. Higher-profi-
ciency students dominate discourse while lower-proficiency peers adopt passive roles (Gillies & 
Boyle, 2010; Le et al., 2018). Buchs et al. (2017) identified status hierarchies and uneven partici-
pation as among the most common obstacles. Notably, much of this evidence comes from Eu-
ropean and North American settings. Comparable evidence from Southeast Asian and East 
Asian multilingual systems has only recently begun to accumulate. In these systems, Content 
and Language Integrated Learning (CLIL) and English- or Mandarin-medium instruction poli-
cies generate similar dynamics. Sahan et al. (2022) surveyed 17 universities across Vietnam and 
Thailand. They documented that English-only English-medium instruction (EMI) policies pro-
duce systematic exclusion of lower-proficiency learners. First-language use was frequently 
framed as a marker of low proficiency, despite its scaffolding function. Sahan et al. (2023), us-
ing a quantitative dataset of 544 EMI students, demonstrated that English-language self-effi-
cacy, motivated behaviour, and the proportion of second-language jointly predict the severity 
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of language-related challenges. Self-efficacy partially mediated this relationship. Aizawa et al. 
(2023), studying 264 Japanese undergraduates in EMI international-business courses, found 
that TOEIC scores significantly predicted language-related challenges, although no clear 
threshold was observed in their sample. Together, these studies confirm that the proficiency-
participation dynamic identified in Western literature generalises to Asian higher education 
contexts. Culturally distinct moderators such as face-saving norms and stratified language hier-
archies warrant further empirical scrutiny. 

Despite these advances, the integration of AI tools into cooperative learning workflows offers 
a potential mechanism for addressing interaction asymmetries. H. Wang et al. (2025) reported 
that an AI-agent-supported collaborative learning approach outperformed traditional com-
puter-supported collaboration in achievement, self-efficacy, and learning interest. It also re-
duced cognitive load. However, that study used a small sample (n = 45) at a single university 
and lacked a no-AI baseline beyond traditional CSCL, limiting causal inference. Güner and Er 
(2025) identified five distinct student interaction profiles with ChatGPT. They demonstrated 
that instructional scaffolding shifted students toward more collaborative usage patterns. The 
cross-sectional design, however, precludes claims about sustained change. Collectively, these 
studies indicate that the effectiveness of AI-assisted collaboration depends on the instructional 
design surrounding tool use, rather than mere availability. Methodological limitations constrain 
the strength of current evidence: short durations (often less than 8 weeks), single-site samples, 
and reliance on self-report. 

Three categories of process indicators have emerged as informative for evaluating AI-assisted 
cooperative learning: (a) usage intensity and timing, (b) prompting purpose distribution, and (c) 
collaborative engagement quality (Jeong & Hmelo-Silver, 2016). These indicators, alongside 
outcome measures, form the evidence chain required to explain not only whether an AI-en-
hanced intervention works, but also how and for whom it operates. 

CHATGPT  IN EDUCATION: EMPIRICAL EVIDENCE AND RISK 
GOVERNANCE 
A growing number of studies demonstrate that ChatGPT can enhance cooperative and collab-
orative learning when embedded in structured pedagogical designs. In foreign-language learn-
ing courses, Tsai et al. (2024) reported that ChatGPT-assisted writing produced measurable 
benefits for English as a Foreign Language (EFL) majors. Karataş et al. (2024), in a study of 
foreign-language learners using ChatGPT, documented improvements in language learning 
outcomes, motivation, and engagement when AI use was pedagogically scaffolded. In collabo-
rative-learning contexts, H. Wang et al. (2025) reported similar advantages of AI-agent-sup-
ported collaboration, and Chen et al. (2025) demonstrated that generative AI as a reflective 
scaffold promoted higher-order thinking among first-year STEM project undergraduates. 
These studies converge on a key design principle: generative AI is most effective when as-
signed a specific pedagogical role, rather than offered as an unrestricted resource. 

For linguistically diverse learners, the scaffolding affordances of ChatGPT are particularly rele-
vant. They include reduced language-processing load (Gibbons, 2015), increased participation 
through low-stakes pre-formulation (Andrade & Valtcheva, 2009; Eysenck & Calvo, 1992), and 
metacognitive support for self-regulated learning (F. Wang & Hannafin, 2005). Karataş et al. 
(2024), Tsai et al. (2024), and Woo et al. (2024) report positive impacts on writing, grammar, 
vocabulary, and motivation. However, Woo et al. (2024) caution that prompt engineering itself 
can impose heavy cognitive demands. This caveat highlights the need to scaffold AI use itself. 

Despite these advances, three methodological limitations recur across the AI-in-education liter-
ature. First, sample sizes are often modest (typical n = 30-80), which limits power for modera-
tion analyses. Second, most studies employ short interventions (often a single semester or less) 
and do not capture trajectory-level change. Third, AI version variability is rarely addressed: 
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ChatGPT (GPT-3.5), ChatGPT (GPT-4), GPT-4o, and subsequent models differ substantially 
in capability, yet cross-version comparisons are largely absent (OpenAI, 2024). These limita-
tions bound the inferential strength of current evidence and motivated the present study’s de-
sign. 

Alongside these opportunities, generative AI introduces governance challenges that require de-
liberate design responses. Four categories of risk are most prominent. First, over-reliance can 
create a scaffolding paradox in which the support tool undermines learning (Kasneci et al., 
2023). Second, hallucination produces plausible but factually incorrect content (Ji et al., 2023). 
Third, academic integrity violations arise from the blurred boundary between AI-assisted and 
AI-generated work (Yan et al., 2024). Fourth, privacy risks emerge when learners input person-
ally identifiable information into commercial platforms. Effective governance mechanisms in-
clude structured prompt protocols, AI usage reflection logs, teacher monitoring, and assess-
ment designs that evaluate learner understanding rather than AI output quality (F. Wang & 
Hannafin, 2005). The governance dimension represents an underreported aspect of existing re-
search. Most studies document productivity gains without specifying mechanisms used to miti-
gate hallucination, over-reliance, or academic integrity risks (Mohamed, 2024). 

RESEARCH GAPS AND CONCEPTUAL MODEL 
Building on the critical review above, the three gaps introduced earlier remain unresolved in 
the literature. The present study addresses all three through a repeated-measures quasi-experi-
mental design situated in a content-area cooperative-learning context with linguistically hetero-
geneous students, supplemented by Group × Proficiency interaction analyses with effect sizes 
and measurement invariance testing. Recent scholarship has begun to address AI bias and eq-
uity in higher education (Roshanaei, 2024). However, few studies have operationalised equity 
claims with the analytic specificity attempted here. 

The conceptual model synthesises these foundations into a three-layer causal logic: 

• Layer 1, Intervention design features: ChatGPT-enhanced STAD with a tiered 
prompt protocol, governance mechanisms, and progressive scaffolding fading. 

• Layer 2, Interaction processes: AI usage patterns, prompting-purpose distribution, 
and collaborative engagement quality. 

• Layer 3, Learning outcomes: Academic achievement trajectories and attitudinal 
change. 

Language proficiency and gender serve as moderating variables across all layers. The model 
predicts that the AI scaffold will function as a more knowledgeable other (MKO) within the 
zone of proximal development (ZPD) for lower-proficiency learners (sociocultural mecha-
nism). It will simultaneously reduce extraneous linguistic load and free cognitive resources for 
content processing (CLT mechanism). This dual mechanism produces disproportionate gains 
for the most linguistically disadvantaged students. 

METHODOLOGY 
RESEARCH DESIGN AND PARTICIPANTS 
This study used a quasi-experimental pretest-midterm-posttest control-group design with re-
peated measures. Two intact classes of first-year students at a Taiwanese university were as-
signed to the experimental condition (ChatGPT-enhanced STAD) or control condition (tradi-
tional STAD without ChatGPT). The course was a required brand-management module. It was 
delivered face-to-face in Mandarin Chinese, three sessions per week over 18 weeks (February 
through June 2025). The same instructor taught both groups using identical syllabi and assess-
ment instruments. 



Bridging Proficiency Gaps 

8 

The 18-week schedule comprised four phases. Weeks 1–2 covered orientation, baseline assess-
ment, and ChatGPT training. Weeks 3–8 and Weeks 10–15 (12 weeks total) comprised cooper-
ative learning units with weekly reflection logs. Week 9 was the midterm test. Weeks 16–18 in-
cluded project preparation, posttest, and usability assessment. The 12-week reflection log pe-
riod yielded N = 780 entries (65 students × 12 weeks). 

Of the 130 enrolled students, five were lost to follow-up (three from the experimental group 
due to incomplete data; two from the control group due to course withdrawal). The final ana-
lytic sample was N = 125 (experimental n = 65; control n = 60; attrition = 3.8%, listwise dele-
tion). Given the low attrition rate (< 5%) and the fact that withdrawals were attributable to 
course-administrative reasons unrelated to the intervention or to outcome variables, the miss-
ingness was treated as approximately Missing Completely at Random (MCAR) (Little & Rubin, 
2019). Listwise deletion under MCAR yields unbiased estimates with only modest efficiency 
loss. Sensitivity analyses with multiple imputation (m = 20) on the attitude data produced sub-
stantively identical results and are therefore not separately reported. Participant flow appears in 
Figure 1. Students were stratified by Test of Chinese as a Foreign Language (TOCFL) Band 
A2, which corresponds to approximately 1,000 vocabulary items (Steering Committee for the 
Test of Proficiency-Huayu, 2023). The brand-management curriculum involves abstract con-
cepts such as brand equity. The A2 threshold, therefore, marks a meaningful linguistic disad-
vantage in this Mandarin-medium environment. 

Figure 1. Participant flow diagram (enrolment: N = 130; 
final analytic sample: experimental n = 65, control n = 60; attrition rate = 3.8%) 

Experimental-group students were assigned to heterogeneous teams of four (15 teams of four; 
one team of five), balanced by academic performance, gender, and language proficiency. Roles 
rotated weekly: discussion leader, recorder, reporter, and checker. The control group used the 
same STAD structure without ChatGPT access. The only systematic difference between condi-
tions was ChatGPT availability during individual preparation and group discussion phases. 

Baseline equivalence held across all variables (Table 1). The two groups did not differ on pre-
test achievement (t(123) = 1.21, p = .229), any pretest attitude dimension (all p > .50), gender 
composition (χ² = 0.05, p = .815), or language-proficiency distribution (χ² = 0.19, p = .867). 

Limitations of the quasi-experimental design 
Random assignment was not feasible, so intact classes were used. This creates internal validity 
threats, including selection bias and cohort effects. Two design features partially mitigate these 
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threats: (a) statistical control of pretest scores via ANCOVA, and (b) confirmed baseline equiv-
alence. Nevertheless, instructor expectancy and Hawthorne effects cannot be fully excluded. 
Findings are interpreted accordingly. 

Table 1. Demographic characteristics and baseline scores by group 

Variable Experimental 
(n = 65) 

Control 
(n = 60) 

Test 
statistic p 

Gender (% female) 55.4% 53.3% χ² = 0.05 .815 
Language proficiency (% low) 53.8% (n = 35) 50.0% (n = 30) χ² = 0.19 .867 
Pretest achievement, M (SD) 42.07 (18.50) 46.15 (19.20) t(123) = 1.21 .229 
Pretest A: Learning Confidence, 
M (SD) 

3.20 (0.55) 3.25 (0.60) t(123) = 0.49 .625 

Pretest B: Perceived Usefulness, 
M (SD) 

3.33 (0.51) 3.30 (0.54) t(123) = 0.33 .745 

Pretest C: Motivation for Ex-
ploration, M (SD) 

3.41 (0.50) 3.38 (0.52) t(123) = 0.34 .734 

Pretest D: Success Orientation, 
M (SD) 

3.10 (0.51) 3.15 (0.53) t(123) = 0.55 .582 

Pretest E: Social Support, M 
(SD) 

3.26 (0.46) 3.22 (0.48) t(123) = 0.49 .624 

Pretest F: Subject Anxiety, M 
(SD) 

2.95 (0.52) 2.90 (0.55) t(123) = 0.54 .591 

Note. For language proficiency, Fisher’s exact test (two-tailed) yielded p = .722; the uncorrected 
Pearson χ² is also reported. Both confirm group equivalence (p > .70). 

INTERVENTION PROCEDURES 
The intervention integrated ChatGPT (GPT-4o) as an adaptive scaffold within the STAD 
workflow. All ChatGPT interactions used the web interface (accessed February through June 
2025). Each cooperative learning unit followed a six-phase sequence (Figure 2). ChatGPT was 
actively embedded at Phases 2 and 3. Phase 6 was a structured AI-reflection phase in which 
students submitted written logs about their AI use. Consistent with sociocultural theory, the AI 
tool functioned as a supplementary, more knowledgeable other (MKO) within the zone of 
proximal development (ZPD). 

Figure 2. Six-phase ChatGPT-enhanced STAD cooperative learning workflow, 
showing the two primary ChatGPT interaction nodes (Phases 2 and 3), the 
AI-reflection phase (Phase 6), and the AI-free phases (Phases 1, 4, and 5) 
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Phase 1 (whole-class instruction): the teacher introduced core concepts; ChatGPT was not 
used. Phase 2 (individual preparation): each student used ChatGPT for language clarification, 
term translation, example generation, and concept simplification, following the tiered prompt 
protocol. Direct copying of AI output was prohibited. Phase 3 (group discussion): teams used 
ChatGPT collectively to generate alternative explanations and support lower-proficiency mem-
bers. AI output was discussed and evaluated by the group before adoption. Phase 4 (group 
presentation): selected groups presented solutions without ChatGPT. Phase 5 (individual quiz): 
quizzes assessed comprehension without ChatGPT access; improvement scores generated 
team rewards. Phase 6 (reflection): students submitted weekly AI usage reflection logs. 

The tiered prompt protocol comprised three tiers. Tier 1 (all learners) provided standard 
prompts for concept clarification. Tier 2 (lower-proficiency learners) added prompts for lan-
guage simplification and bilingual explanation. Tier 3 (scaffolding fading) encouraged inde-
pendent task attempts before AI consultation, with progressive reduction across the semester. 
A Week-2 training session covered ChatGPT capabilities, prompt-engineering basics, and aca-
demic-integrity guidelines. Prompt exemplars are available from the corresponding author 
upon reasonable request. 

Governance mechanisms addressed four risk categories. Over-reliance was mitigated through 
scaffolding fading and AI-free quizzes. For hallucination, students cross-checked AI claims 
against textbook materials. Academic integrity was maintained through a written AI usage 
agreement, weekly reflection logs, and AI-free summative assessments. For privacy, students 
were instructed not to input personally identifiable information. The full intervention specifica-
tion, including its mapping to the SMART (Self-directed, Motivated, Adaptive, Resource-en-
riched, Technology-embedded) design principle (Zhu et al., 2016), is available from the corre-
sponding author upon reasonable request. 

INSTRUMENTS 
Academic achievement 
Three paper-based tests were administered in Weeks 1, 9, and 17. Each contained 10 to 15 
items covering conceptual understanding, application, and analysis within brand management. 
The instructor developed test items based on Keller’s (2013) textbook (delivered in Chinese 
translation). Two subject-matter experts reviewed items for content validity. Tests were admin-
istered during regular class sessions, with a 40-50-minute response time. Students also com-
pleted a final group project assessed using a standardised rubric. 

Learning attitudes 
A 55-item Composite Learning Attitude Scale was constructed for this study (Table 2). Four 
dimensions (37 items) were adapted from the Attitudes Toward Mathematics Inventory 
(ATMI; Tapia & Marsh, 2004): Learning Confidence (A, 10 items), Perceived Usefulness (B, 10 
items), Motivation for Exploration (C, 10 items), and Subject Anxiety (F, 7 items). Two supple-
mentary dimensions (18 items) were integrated from the Colorado Learning Attitudes about 
Science Survey (CLASS; Adams et al., 2006) and the Test of e-Learning Related Attitudes 
(TeLRA) Scale (Kisanga & Ireson, 2016): Success Orientation (D, 10 items) and Social Support 
(E, 8 items). All items used a five-point Likert scale. 

A pilot study (n = 20) identified six factors explaining 51.7% of variance, consistent with the a 
priori structure. Confirmatory factor analysis (CFA) on the full pretest sample (N = 130) 
yielded acceptable fit: χ²/df = 2.45, CFI = 0.942, TLI = 0.935, RMSEA = 0.068, SRMR = 
0.055. All standardised loadings exceeded 0.40. Cronbach’s α ranged from 0.79 to 0.88 for five 
dimensions. The Subject Anxiety dimension (F) yielded α = 0.574, below the 0.70 threshold 
(Nunnally & Bernstein, 1994). All Dimension F findings are therefore treated as preliminary 
throughout this manuscript. 
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Table 2. Internal consistency of the Learning Attitude Scale 

Dimension Items Cronbach’s α 

A: Learning Confidence 10 0.88 
B: Perceived Usefulness 10 0.85 
C: Motivation for Exploration 10 0.82 
D: Success Orientation 10 0.84 
E: Social Support 8 0.79 
F: Subject Anxiety 7 0.574 
Overall 55 0.90 

Note. Scale sources: A, B, C, F adapted from ATMI (Tapia & Marsh, 2004); D 
adapted from CLASS (Adams et al., 2006); E adapted from TeLRA (Kisanga 
& Ireson, 2016). See subsection “Learning Attitudes” under Instruments for 
the Subject Anxiety subscale reliability caveat. 

The participant-to-item ratio for the CFA was approximately 1:2.4 (N = 130; 55 items), below 
the 5:1 minimum recommended by Hair et al. (2019). Following Kline’s (2023) view that ade-
quacy depends on indicator reliability and factor definition rather than a rigid ratio, the present 
six-factor solution is acceptable but suboptimal. Replication with N ≥ 300 is warranted. Future 
cycles will report McDonald’s ω alongside α (McDonald, 1999). 

Measurement invariance testing across language-proficiency subgroups followed Vandenberg 
and Lance (2000). Configural invariance was supported (CFI = 0.938, RMSEA = 0.072). The 
configural-to-metric transition produced ΔCFI = 0.008, within the 0.01 threshold (Cheung & 
Rensvold, 2002). Strict scalar invariance testing was not feasible with subgroup n < 100. 
Subgroup attitudinal comparisons should therefore be interpreted with caution. The complete 
55-item Composite Learning Attitude Scale is available from the corresponding author upon 
reasonable request, subject to the licensing terms of the source instruments (ATMI, CLASS, 
and TeLRA). The System Usability Scale (SUS; Brooke, 1996) was administered to the 
experimental group at posttest. The SUS comprises 10 items yielding a composite score (0 to 
100); a score of 68 represents the average benchmark, while scores above approximately 80 
indicate above-average usability (Bangor et al., 2008). 

Interaction process data 
Automated, timestamped usage logs were not collected in this evaluation cycle. Two alternative 
process-data sources were used: (a) content analysis of student reflection logs (N = 780 entries) 
coded by two independent raters into four prompting-purpose categories (Cohen’s κ = 0.88), 
and (b) structured instructor field notes documenting AI-assisted collaborative behaviour. Be-
cause these data are self-reported or observer-derived, claims about actual AI use are corre-
spondingly limited. 

DATA ANALYSIS 
Distributional assumptions and baseline equivalence 
Shapiro-Wilk tests indicated approximately normal distributions of achievement scores (all p > 
.05). Levene’s tests confirmed homogeneity of variance at pretest (F(1, 123) = 0.42, p = .518), 
midterm (p = .353), and posttest (p = .268). Baseline equivalence used independent-samples t-
tests for pretest variables and chi-square tests for demographic composition. For attitude com-
parisons, a Bonferroni-adjusted α = .0083 (= .05/6) was applied. Achievement and demo-
graphic comparisons used α = .05. 
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Primary analyses 
To address RQ1 (achievement), a repeated-measures ANOVA tested the Time × Group inter-
action. The Greenhouse-Geisser correction was applied where sphericity was violated. Post 
hoc pairwise contrasts were Bonferroni-adjusted. Effect sizes are reported as partial η² and Co-
hen’s d with 95% confidence intervals. 

To address RQ2 (attitudes), one-way ANCOVA was conducted for each of the six dimensions. 
The dependent variable was the posttest score; the covariate was the corresponding pretest 
score. Homogeneity of regression slopes was verified (all interaction p > .10). Bonferroni cor-
rection (α = .0083) controlled the family-wise error rate. 

To address RQ5a (proficiency-based achievement gaps), a two-way ANCOVA tested the 
Group × Proficiency interaction; significant interactions were followed by simple-effects anal-
yses. RQ5b (proficiency-based attitude differences) was addressed exploratorily through 
within-experimental-group ANCOVAs (n = 65), examining whether proficiency moderated at-
titudinal change inside the experimental condition; a fully crossed Group × Proficiency interac-
tion on attitudes was not estimated because subgroup cell sizes (lower-proficiency control n = 
30; higher-proficiency control n = 30) yielded insufficient statistical power for stable interac-
tion estimates given the multidimensional attitude structure. Findings for RQ5b are therefore 
reported as exploratory rather than as direct tests of differential intervention effects on atti-
tudes. To address RQ6a (gender main effects on outcomes), one-way ANCOVAs with Bonfer-
roni correction were conducted. RQ6b (gender-moderated intervention effects) was likewise 
addressed exploratorily; a Group × Gender interaction was not formally tested for the same 
power-related reasons. Partial η² is reported for omnibus F-tests; ω² is reported for subgroup 
analyses (Olejnik & Algina, 2003). 

Power analysis 
An a priori power analysis was conducted using G*Power 3.1 (Faul et al., 2009) before data 
collection to determine the minimum sample size requirements. With α = .05 and target power 
= .80, the analysis indicated that N = 52 would suffice for the repeated-measures ANOVA as-
suming a medium effect (f = 0.25), and N = 85 would suffice for the six ANCOVAs under 
Bonferroni-adjusted α = .0083. The achieved sample of N = 125, therefore, satisfied a priori 
sample-size adequacy for the primary analyses. Separately, post hoc inspection of observed ef-
fects shows that the four-cell Group × Proficiency model produced a significant interaction 
(partial η² = 0.050); this is reported as a descriptive observation rather than as confirmation of 
a priori power. A larger sample would benefit finer-grained moderation analyses, particularly 
fully crossed Group × Gender × Proficiency models. 

Clustering and design effect 
Because students were nested within cooperative teams in the experimental group, the intra-
class correlation coefficient (ICC) at the team level was computed. The experimental group 
comprised 16 teams (15 of four; one of five) with a mean cluster size of m = 4.06. The ICC for 
posttest achievement was 0.038. Following Killip et al. (2004) and Snijders and Bosker (2012), 
the design effect was: 

DE = 1 + (m − 1) × ICC = 1 + (4 − 1) × 0.038 = 1 + 0.114 = 1.114 

The DE of 1.114 falls below 1.5 and well below 2.0, above which clustering would warrant 
multilevel modelling (Lai & Kwok, 2015). However, Lai and Kwok caution that the DE < 2 
rule should not apply when cluster size is small (m < 10). The present m = 4 falls in this excep-
tion. A single-level strategy was retained for primary analyses. Cluster-robust standard errors 
were computed as a sensitivity check. The substantive pattern of results was unchanged. The 
control group also followed a STAD architecture and, therefore, involved team-level nesting in 
principle. Because instructor-led grouping in the control condition was less stable across the 
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semester and team-level outcome data were not consistently recorded, an ICC was not com-
puted for the control group; this asymmetry is acknowledged as a limitation of the present clus-
tering analysis. More fundamentally, the study employed a quasi-experimental pretest-midterm-
posttest design using two pre-existing intact classes. Students were not randomly assigned to 
experimental conditions. Instead, one intact class was assigned to the ChatGPT-enhanced 
STAD condition and the other to the traditional STAD condition. Within each class, students 
were stratified by TOCFL band and gender to support balanced team composition for STAD 
groupings, but this stratification operated within a single condition and does not constitute ran-
dom assignment between conditions. Consequently, treatment effects cannot be fully disentan-
gled from class-level effects (instructor differences, scheduling, room characteristics, peer-co-
hort dynamics), and all causal claims should be interpreted cautiously. We address this con-
straint explicitly in the Limitations section and reiterate that multi-site, multi-class replication is 
required before any of the present findings can be interpreted as design-attributable rather than 
class-attributable. 

Robustness and software 
Robustness checks included ANCOVA re-estimation, outlier analysis (±3 SD), and non-para-
metric alternatives where assumptions were violated. Analyses used SPSS v.28; CFA and meas-
urement invariance used AMOS v.28; effect sizes were verified with G*Power 3.1. 

ETHICAL CONSIDERATIONS 
All participants provided written informed consent. Non-participation did not affect course 
grades. Under Taiwan’s regulations, studies evaluating pedagogical practices in general educa-
tional settings are eligible for exemption from formal Institutional Review Board (IRB) review. 
This low-risk classroom-based pedagogical evaluation was therefore exempt. The study was re-
viewed and approved by the department-level academic affairs committee. Strict ethical proto-
cols were maintained: numerical-code de-identification, encrypted data storage, and a prohibi-
tion on entering personally identifiable information into ChatGPT. Future research cycles will 
seek formal IRB approval. 

Generative AI in the research and writing process 
The authors disclose the following uses of generative AI. First, ChatGPT (GPT-4o) was de-
ployed as the experimental intervention; its use is the object of investigation rather than a writ-
ing aid. Second, in manuscript preparation, the authors used ChatGPT and Gemini for lan-
guage-editing assistance only. No AI-generated text was incorporated verbatim. Third, AI tools 
were not used to generate or interpret empirical data. All statistical analyses were conducted by 
the authors using SPSS, AMOS, and G*Power. The authors take full responsibility for the con-
tent, accuracy, and originality. 

RESULTS 
OVERVIEW 
Building on the analytic plan specified above, this section reports findings in the sequence in 
which they were tested. It addresses the six research questions and six sub-questions across 
three strands: learning outcomes (RQ1, RQ2), interaction processes (RQ3a, RQ3b, RQ4), and 
equity and moderation (RQ5a, RQ5b, RQ6a, RQ6b). Five principal findings emerge: (a) the ex-
perimental group exhibited a significantly steeper achievement trajectory (RQ1, posttest d = 
0.91); (b) four of six attitude dimensions improved significantly after Bonferroni correction 
(RQ2); (c) self-reported prompting purposes differed substantially by proficiency subgroup 
(RQ3b, Cramér’s V = 0.37); (d) the proficiency-based achievement gap narrowed from 16.60 
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to 4.00 points (RQ5a, partial η² = 0.050); and (e) female students reported higher residual sub-
ject anxiety than male students (RQ6b). All findings are presented descriptively below; theoreti-
cal interpretation is reserved for the discussion section. 

ACADEMIC ACHIEVEMENT (RQ1) 
Table 3 presents achievement descriptive statistics across three time points. A repeated-
measures ANOVA with time (three levels) within-subjects, and group between-subjects re-
vealed a significant Time × Group interaction, F(1.88, 231.24) = 15.42, p < .001, partial η² = 
0.11, 95% CI [0.05, 0.18], exceeding the medium-effect threshold (Cohen, 1988). 

Post hoc Bonferroni-adjusted pairwise comparisons confirmed no significant group difference 
at pretest (mean difference = 4.08, p = .229). By midterm, the experimental group surpassed 
the control (mean difference = 7.20, p = .012, d = 0.44). At posttest, the experimental group 
outperformed the control by 14.20 points, 95% CI [8.50, 19.90], d = 0.91, exceeding the large-
effect threshold (Cohen, 1988). The achievement trajectory is visualised in Figure 3. 

Figure 3. Mean academic achievement scores by group at the three 
measurement points: pretest (Week 1), midterm (Week 9), and posttest (Week 17) 

(error bars represent 95% confidence intervals) 

Table 3. Academic achievement scores by group and time point 

Time point Experimental 
M  (SD) 95% CI Control 

M  (SD) 95% CI 

Pretest (Week 1) 42.07 (18.50) [37.50, 46.60] 46.15 (19.20) [41.30, 51.00] 
Midterm (Week 9) 65.40 (15.50) [61.60, 69.20] 58.20 (17.10) [53.90, 62.50] 
Posttest (Week 17) 78.50 (14.20) [75.00, 82.00] 64.30 (16.80) [60.00, 68.60] 

 Note. Time × Group interaction: F(1.88, 231.24) = 15.42, p < .001, partial η² = 0.11.  

Greenhouse-Geisser correction applied (ε = 0.94). Bonferroni-adjusted contrasts: pretest p = 
.229; midterm p = .012, d = 0.44; posttest p < .001, d = 0.91. Effect sizes are reported as 
Hedges’ g with the small-sample bias correction J = 1 − 3/(4·df − 1) = 0.994 applied to the 
pooled-SD Cohen’s d. The uncorrected d ≈ 0.92 from the descriptive statistics; the bias-cor-
rected g ≈ 0.91. Per APA 7 convention, d and g are presented under the same symbol. Means 
in Table 3 are unadjusted observed values. ANCOVA-adjusted subgroup means are reported in 
Table 5 and may differ slightly from the marginal means implied by Table 3. For example, the 
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experimental-group posttest mean of 78.50 in Table 3 corresponds to an ANCOVA-adjusted 
weighted mean of approximately 78.35 in Table 5 owing to pretest covariate adjustment. 

LEARNING ATTITUDES (RQ2) 
Table 4 presents ANCOVA results for each attitude dimension (posttest as the dependent vari-
able; pretest as the covariate). Homogeneity of regression slopes was verified for all dimensions 
(all interaction p > .10). 

Table 4. ANCOVA results for learning attitude dimensions: 
Experimental versus Control Group 

Dimension Exp. Post 
M  (SD) 

Ctrl. Post 
M  (SD) F(1, 122) p Partial 

η² 
Cohen’s 

d 
95% CI 

for d 

A: Learning 
Confidence 

3.88 (0.47) 3.35 (0.58) 32.18 < .001** .209 0.97 [0.60, 1.34] 

B: Perceived 
Usefulness 

3.72 (0.49) 3.42 (0.52) 12.85 < .001** .095 0.59 [0.23, 0.95] 

C: Motivation 
for Exploration 

3.60 (0.46) 3.45 (0.50) 3.52 .063 .028 0.31 [-0.04, 
0.67] 

D: Success 
Orientation 

3.42 (0.48) 3.20 (0.50) 7.62 .007** .059 0.45 [0.09, 0.80] 

E: Social 
Support 

3.56 (0.45) 3.32 (0.47) 9.45 .003** .072 0.52 [0.16, 0.87] 

F: Subject 
Anxiety† 

2.72 (0.49) 2.88 (0.53) 4.15 .044 .033 -0.31 [-0.67, 
0.05] 

Note. ** indicates significance at Bonferroni-adjusted α = .0083. M (SD) values are unadjusted observed 
posttest means; Cohen’s d values are computed from ANCOVA-adjusted means. For Dimension F, neg-
ative d indicates lower anxiety in the experimental group. 
†Caution: The Subject Anxiety dimension (F) yielded α = 0.574, below the conventional 0.70 threshold; 
findings are preliminary rather than confirmatory. 

After Bonferroni correction, four dimensions showed significantly greater improvement in the 
experimental group: Learning Confidence (d = 0.97, large), Perceived Usefulness (d = 0.59, me-
dium), Success Orientation (d = 0.45, small to medium), and Social Support (d = 0.52, me-
dium). Motivation for Exploration did not reach conventional significance (p = .063); the 95% 
CI for d [-0.04, 0.67] marginally included zero at the lower bound. Subject Anxiety did not survive 
Bonferroni correction (p = .044, d = -0.31; CI crossed zero) and is treated as suggestive (see †). 

EQUITY AND MODERATION (RQ5A, RQ5B, RQ6A, RQ6B) 
Achievement gap by language proficiency (RQ5a) 
A two-way ANCOVA, with posttest achievement as the dependent variable, group and lan-
guage proficiency as between-subject factors, and pretest achievement as the covariate, tested 
the gap-narrowing hypothesis (Table 5). 

The Group × Proficiency interaction was significant, F(1, 120) = 6.30, p = .013, partial η² = 
0.050 (small to medium). Simple-effects analysis revealed that the proficiency-based achieve-
ment gap persisted in the control group (higher-proficiency M = 72.60 versus lower-profi-
ciency M = 56.00; gap = 16.60 points) but was markedly reduced in the experimental group 
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(higher-proficiency M = 80.50 versus lower-proficiency M = 76.50; gap = 4.00 points). Sub-
group means are ANCOVA-adjusted. The overall model accounted for approximately 44% of 
variance in posttest achievement (R² = 0.44). This pattern is visualised in Figure 4. 

Table 5. Two-Way ANCOVA: 
Posttest achievement by group and language proficiency 

Source SS df MS F p Partial η² 

Pretest (covariate) 2450.5 1 2450.5 45.20 < .001 .273 
Group 1850.2 1 1850.2 34.10 < .001 .221 
Proficiency 520.4 1 520.4 9.60 .002 .074 
Group × Proficiency 340.8 1 340.8 6.30 .013 .050 
Error 6500.0 120 54.2    

Table 5a. Covariate-adjusted posttest 
achievement means by group and proficiency subgroup 

Group Proficiency n Adjusted M SE 95% CI 

Experimental Lower 35 76.50 1.25 [74.02, 78.98] 

Experimental Higher 30 80.50 1.35 [77.83, 83.17] 

Control Lower 30 56.00 1.35 [53.33, 58.67] 

Control Higher 30 72.60 1.35 [69.93, 75.27] 

Note. Adjusted means and 95% confidence intervals are estimated marginal means 
from the two-way ANCOVA model reported in Table 5 (posttest achievement as 
the dependent variable; pretest achievement as the covariate). The proficiency-
based gap is 4.00 points in the experimental condition and 16.60 points in the 
control condition. 

 
Figure 4. Covariate-adjusted posttest achievement 

(estimated marginal means from the two-way ANCOVA 
reported in Table 5) by group and proficiency subgroup 
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Although the y-axis is labelled “Posttest Score” for brevity, the plotted values are ANCOVA-
adjusted means rather than raw scores. The Group × Proficiency interaction (partial η² = 
0.050) indicates disproportionate gains for lower-proficiency learners. Numerical 95% confi-
dence intervals for each subgroup mean are reported in Table 5a (immediately above) and in 
the accompanying text. 

Attitude differences by language proficiency (RQ5b) 
Within the experimental group, ANCOVAs controlling for pretest indicated significant profi-
ciency effects for Learning Confidence (F(1, 62) = 5.44, p = .023, ω² = 0.07) and Subject Anxi-
ety (F(1, 62) = 3.79, p = .046, ω² = 0.08), with lower-proficiency students showing greater im-
provement on both. The remaining four dimensions showed no significant proficiency effects 
(all p > .05).  

Gender effects (RQ6a, RQ6b) 
To address RQ6a (gender differences in achievement), a one-way ANCOVA was conducted 
with gender as the between-subjects factor and pretest achievement as the covariate. No signif-
icant gender difference in posttest achievement was found (F(1, 122) = 0.85, p = .358). The 
Group × Gender interaction was not tested separately. The reason was insufficient statistical 
power for a fully crossed factorial model with the current sample size. This analysis is planned 
for the next evaluation cycle. 

To address RQ6b (gender differences in attitudes), one-way ANCOVAs across the six attitude 
dimensions identified Subject Anxiety as the only dimension approaching significance (F(1, 
122) = 5.45, p = .021, ω² = 0.04), with female students reporting higher anxiety. This effect did 
not survive Bonferroni correction. This RQ6b finding (gender-based Subject Anxiety) is analyt-
ically distinct from the experimental-versus-control comparison of Subject Anxiety reported in 
Table 4 under RQ2. 

SUPPLEMENTARY EVIDENCE: INTERACTION PROCESSES AND 
USABILITY (RQ3A, RQ3B, RQ4) — PRELIMINARY AND EXPLORATORY 
Automated usage logs were not available in this evaluation cycle; two preliminary process-data 
sources address RQ3a, RQ3b, and RQ4. Content analysis of student reflection logs (N = 780 
entries; 65 students × 12 weeks of cooperative learning units) revealed a distribution of self-
reported prompting purposes: language clarification (30.1%), concept explanation (27.4%), ex-
ample generation (25.9%), and metacognitive self-checking (16.6%). The distribution differed 
significantly by proficiency subgroup (RQ3b), χ²(3) = 108.45, p < .001, Cramér’s V = 0.37. 
Lower-proficiency students reported substantially more language-clarification queries (45.2%) 
than higher-proficiency students (12.5%), while higher-proficiency students reported propor-
tionally more concept-explanation and metacognitive self-checking queries. Inter-rater reliabil-
ity was excellent (Cohen’s κ = 0.88). This differential usage pattern provides preliminary sup-
port for the differential-usage hypothesis underlying RQ3b, although the self-reported nature 
of the data limits causal inference. With respect to RQ3a (dose-response), automated log data 
are required to test this rigorously and were not available in this cycle; the SUS-achievement 
correlation reported below provides only indirect proxy evidence. 

To address RQ4 (collaborative interaction quality), instructor field notes documented im-
proved engagement among lower-proficiency students. Those who consulted ChatGPT during 
Phase 2 contributed more actively in Phase 3 than in prior semesters without AI support. 
Across 48 observed discussion sessions, 112 instances of group evaluation of AI output and 18 
teacher interventions for AI misuse were recorded. These observations provide preliminary de-
scriptive evidence for RQ4. Implementing automated, timestamped usage logs is the highest-
priority improvement for the next design cycle. 
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The mean System Usability Scale (SUS) score was 72.5 (SD = 12.4). This exceeds the average 
SUS benchmark of 68 (Bangor et al., 2008); scores above approximately 80 are considered 
above average. SUS scores correlated positively with achievement gains (r = .35, p = .004). No 
significant difference in SUS scores was found between proficiency subgroups (t(63) = 1.12, p 
= .267). Causal direction cannot be inferred from this correlation alone. 

SUMMARY OF HYPOTHESIS TESTING 
Table 6 consolidates results across all research questions and sub-questions. 

Table 6. Summary of research questions, hypotheses, and results 

RQ Hypothesis tested Statistic p Effect 
size Decision 

RQ1 Achievement Time × Group F(1.88, 231.24) = 
15.42 

< .001 partial η² = 
0.11 

Supported 

RQ2 Attitudes Exp. versus Ctrl. 
(six dimensions) 

See Table 4 Mixed |d| = 0.31 
to 0.97 

Supported (4 
of 6) 

RQ3a Usage to outcome dose-re-
sponse 

Not formally 
tested 

N/A N/A No automated 
data available 

RQ3b Differential usage by profi-
ciency 

χ²(3) = 108.45 < .001 V = 0.37 Preliminary 
support 

RQ4 Collaborative quality Field notes (de-
scriptive) 

N/A N/A Preliminary 
support 

RQ5a Achievement gap narrows F(1, 120) = 6.30 .013 partial η² = 
0.050 

Supported 

RQ5b Exploratory: within-experi-
mental-group proficiency 
differences in attitudes† 

F(1, 62) = 5.44 / 
3.79 

.023 / 

.046 
ω² = 0.07 / 
0.08 

Partially sup-
ported 

RQ6a Gender main effect on 
achievement (no Group × 
Gender interaction tested) 

F(1, 122) = 0.85 .358 ω² ≈ 0 No significant 
gender effect 
detected 

RQ6b Gender main effect on anxi-
ety (no Group × Gender in-
teraction tested)† 

F(1, 122) = 5.45 .021 ω² = 0.04 Inconclusive 
(low subscale 
reliability) 

Note. Partial η² is reported for omnibus and interaction effects; ω² is reported for subgroup analyses. 
RQ5b values F(1, 62) reflect within-experimental-group ANCOVAs (n = 65) examining whether lan-
guage proficiency moderated attitudinal change in the experimental condition; they do not represent a 
Group × Proficiency interaction. †RQ5b (Subject Anxiety component) and RQ6b findings are prelimi-
nary owing to low subscale reliability (α = 0.574); see subsection “Learning Attitudes” under Instru-
ments. 

Synthesis 
Together, these findings address RQ1 through RQ6. They demonstrate differential gains across 
proficiency strata, attitudinal shifts, and narrowed proficiency-based subgroup differences in 
achievement. Residual gender-related affective barriers warrant further investigation. 

DISCUSSION 
EQUITY NARROWING AS THE HEADLINE FINDING (RQ5A) 
Building on the descriptive findings reported above, this section interprets the evidence in light 
of the conceptual model and the existing literature. The most consequential finding is that the 
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proficiency-based achievement gap narrowed from 16.60 to 4.00 points in the experimental 
group (Group × Proficiency interaction, partial η² = 0.050). To our knowledge, and acknowl-
edging that any structured search has limits, this study provides initial subgroup-level evidence 
combining four design features within one study: (i) the STAD cooperative-learning architec-
ture, (ii) GPT-4o as the AI scaffold, (iii) a content-area Mandarin-medium higher-education 
course, and (iv) proficiency-stratified analysis of achievement-gap closure in a multilingual EFL 
undergraduate cohort. Each feature has been examined in adjacent literatures (e.g., AI in lan-
guage-learning courses, AI in cooperative learning at the aggregate level, equity in EMI), but 
their joint operationalisation with subgroup-level equity evidence appears not to have been pre-
viously reported. 

This novelty claim is supported by a structured literature search executed by the authors. The 
search covered Google Scholar, Semantic Scholar, and ERIC-indexed sources from the public 
release of ChatGPT (30 November 2022) through April 2026. Four Boolean strings were used: 
(a) (“ChatGPT” OR “generative AI” OR “GPT-4”) AND (“STAD” OR “Student Teams 
Achievement Divisions”) AND (“equity” OR “achievement gap” OR “proficiency gap”); (b) 
“ChatGPT” AND “cooperative learning” AND “language proficiency” AND “content-area”; 
(c) “ChatGPT” AND “Student Teams Achievement Divisions”; and (d) “AI” AND “coopera-
tive learning” AND “EFL” AND “achievement gap”. The search returned no peer-reviewed 
empirical study that simultaneously met three conditions: (i) deployed a generative-AI tool 
within a STAD cooperative-learning architecture; (ii) operationalised the intervention in a con-
tent-area higher-education setting (i.e., not language instruction itself); and (iii) reported sub-
group-level outcomes disaggregated by learner language proficiency.  

Adjacent empirical work has examined related topics, but not their joint operationalisation. Ex-
amples include AI-supported collaborative learning at the aggregate level (e.g., H. Wang et al., 
2025), AI-assisted writing in EFL contexts without cooperative-learning structures (e.g., Tsai et 
al., 2024), and aggregate cognitive-load and motivation effects of AI-enhanced language plat-
forms (e.g., Hong & Guo, 2025). To our knowledge, and acknowledging the limits of any struc-
tured search, the present study therefore offers initial subgroup-level evidence, awaiting multi-
site replication, that AI-enhanced STAD is associated with the narrowing of proficiency-based 
achievement gaps in a content-area cooperative-learning context. Given the perfect confound-
ing between condition and class noted in the Methodology section, this association should not 
be interpreted as established causal evidence. This evidence speaks directly to a long-standing 
concern in linguistically diverse higher education. Cooperative tasks can paradoxically widen 
rather than close participation gaps when language proficiency operates as a status characteris-
tic. 

The finding suggests, rather than proves, a sociocultural mechanism. During Phase 2 (individ-
ual preparation), lower-proficiency learners appear to have used the AI tool to pre-formulate 
contributions and clarify unfamiliar terminology. They also rehearsed ideas in a low-stakes en-
vironment before entering group discussion. The differential prompting pattern observed in 
the reflection-log data is consistent with the contingency principle of effective scaffolding (Bel-
land, 2014). Specifically, Cramér’s V = 0.37; lower-proficiency learners reported 45.2% lan-
guage-clarification queries versus 12.5% for higher-proficiency learners. Those furthest from 
independent mastery sought the most scaffolding support. We interpret this as an indication, 
not confirmation, that the AI scaffold functioned as a supplementary, more knowledgeable 
other (MKO) within the zone of proximal development (ZPD) of Vygotsky (1978). 

ACHIEVEMENT AND ATTITUDINAL GAINS (RQ1, RQ2) 
Regarding RQ1, the experimental group exhibited significantly steeper achievement growth (d 
= 0.91), consistent with gains reported in AI-agent-supported learning (H. Wang et al., 2025) 
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and generative AI scaffolding in STEM (Chen et al., 2025). Cognitive load theory (CLT) pro-
vides a complementary explanation. By offloading linguistic processing tasks to the AI scaffold, 
lower-proficiency learners may have freed working-memory resources for content learning and 
higher-order thinking. The disproportionate gains in this subgroup align with this CLT-based 
interpretation and with Hong and Guo’s (2025) findings on generative AI and cognitive-load 
management. 

Regarding RQ2, four of six attitude dimensions improved significantly. The large effect on 
Learning Confidence (d = 0.97) is interpretable through both frameworks. The AI scaffold ex-
panded the range of tasks that lower-proficiency learners could accomplish successfully, rein-
forcing perceived competence (sociocultural mechanism). Simultaneously, the reduction in ex-
traneous linguistic load reduced frustration and overload (CLT mechanism). These experiences 
typically diminish self-efficacy (Eysenck & Calvo, 1992). The smaller but significant gain in 
Success Orientation suggests that metacognitive scaffolding through Tier 3 prompts and reflec-
tion logs may have contributed to learners’ sense of agency and strategic awareness. 

UNEXPECTED AND CONTRADICTORY FINDINGS 
Two findings deviated from the hypothesised pattern. Motivation for Exploration (Dimension 
C) did not reach Bonferroni-adjusted significance (p = .063); the 95% CI for d [-0.04, 0.67] 
marginally included zero at the lower bound, indicating that a null effect cannot be ruled out. A 
plausible explanation is a ceiling effect. Both groups began with relatively high motivation (M 
> 3.38 on a 5-point scale), which left limited room for growth. The STAD structure itself may 
also have promoted exploratory motivation in both conditions, attenuating the incremental 
ChatGPT effect. Subject Anxiety (Dimension F) similarly did not survive Bonferroni correc-
tion (d = -0.31; CI crossed zero). The hypothesis that the intervention would reduce anxiety 
was not confirmed. This suggests that affective anxiety mechanisms may require a more tar-
geted or longer intervention. 

The finding that female students reported higher residual learning anxiety (RQ6b) warrants at-
tention as a design limitation. It sits within the same equity framing as the proficiency-narrow-
ing finding: while the intervention closes one equity gap, it does not address another. Several 
alternative explanations merit consideration. First, prior literature attributes gender differences 
in technology-related anxiety to socialisation patterns and stereotype threat (Cai et al., 2017; 
Huang, 2013). The unstructured nature of AI interaction may activate these anxieties differen-
tially. Second, female students in this cohort may have engaged more deeply with reflection 
prompts and thereby reported more affective awareness, rather than experiencing more anxiety 
per se. This self-report-bias account cannot be ruled out without behavioural data. Third, sam-
ple-specific cultural and disciplinary characteristics (e.g., the gender composition of marketing 
programmes, regional norms around technology use) may interact with intervention features in 
ways that single-site studies cannot disentangle. The Foreign Language Classroom Anxiety 
Scale (Horwitz et al., 1986) and related instruments would provide a more theoretically 
grounded measure for future cycles. Future iterations should incorporate explicit norm-setting, 
optional affective-support prompts within Tier 2 scaffolding, and peer mentoring to support 
learners experiencing heightened anxiety related to technology. 

POSITIONING WITHIN THE LITERATURE 
The present findings both corroborate and extend recent studies. The overall achievement ef-
fect (d = 0.91) is comparable to gains reported by H. Wang et al. (2025) and Chen et al. (2025). 
The present study extends these findings in two ways. First, to our knowledge, the equity evi-
dence is the initial subgroup-level demonstration suggesting that AI-enhanced cooperative 
learning may be associated with the narrowing of achievement gaps for linguistically disadvan-
taged learners in a content-area course. This addresses a recognised gap in the literature, alt-
hough confirmatory multi-site replication is required. Second, whereas existing studies typically 
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evaluate AI as a standalone supplement, the present study embeds ChatGPT within a struc-
tured STAD model with phase restrictions, governance, and progressive scaffolding fading. 
This suggests that deliberate AI integration may serve as an equity-promoting tool when differ-
entiated by learner need. The positive correlation between SUS scores and achievement gains (r 
= .35) provides indirect proxy evidence for the dose-response relationship proposed in RQ3a. 
Systematic log data would be needed to substantiate the claim. 

POLICY CALL TO ACTION 
Taken together, the findings suggest that institutional and national AI-use policies in linguisti-
cally diverse higher-education systems would benefit from a shift away from blanket prohibi-
tion toward governance-embedded design. In such a design, AI access is deliberately structured 
at specific pedagogical interaction nodes, differentiated by learner need, and accompanied by 
transparent governance mechanisms. The present study provides an initial empirical basis for 
such a shift; cross-institutional and longitudinal replication is now needed. 

IMPLICATIONS 
THEORETICAL IMPLICATIONS 
The study contributes to educational technology theory in three ways. First, it provides empiri-
cal evidence for conceptualising generative artificial intelligence as a more knowledgeable other 
(MKO) within Vygotsky’s (1978) zone of proximal development (ZPD). This extends sociocul-
tural scaffolding theory to AI-mediated learning environments. The differential usage patterns 
across proficiency subgroups are consistent with the contingency principle of effective scaf-
folding (Belland, 2014). Second, it provides empirical support for the cognitive load theory 
(CLT) prediction that reducing extraneous linguistic load through AI scaffolding can free cog-
nitive resources for germane processing. This produces disproportionate achievement gains for 
learners with the highest extraneous load (Sweller et al., 2019). Third, it contributes to the co-
operative learning literature by demonstrating that AI tools can be integrated as a functional 
element within structured cooperative learning models. Such integration complements positive 
interdependence, individual accountability, and promotive interaction (Johnson et al., 1998). 

PRACTICAL IMPLICATIONS 
Five recommendations emerge for practitioners integrating generative AI into cooperative 
learning with linguistically diverse students. First, AI access should be embedded at specific in-
teraction nodes rather than offered in an always-on manner; phase-structured use preserves 
pedagogical integrity during accountability phases while providing support where most needed. 
Second, scaffolding should be differentiated by learner proficiency through tiered prompt pro-
tocols; pre-designed Tier 2 prompts reduce linguistic and prompt-engineering barriers for 
lower-proficiency learners. Third, AI use should be governed through explicit rules, reflection 
logs, and teacher monitoring to mitigate over-reliance, consistent with Güner and Er (2025). 
Fourth, scaffolding fading should be planned from the outset, with Tier 3 prompts encourag-
ing independent attempts at the task before AI consultation. Fifth, affective outcomes should 
be monitored for subgroups experiencing technology-related anxiety; norm-setting activities 
and gender-responsive affective-support prompts are recommended. 

The findings also carry policy implications. The equity evidence suggests that blanket prohibi-
tions of AI tools may inadvertently disadvantage linguistically diverse students who stand to 
benefit most from AI scaffolding. The governance framework developed here, comprising us-
age agreements, prompt protocols, reflection logs, and AI-free assessments, provides an adapt-
able model for institutional AI-use policies in diverse educational settings. 
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LIMITATIONS AND FUTURE RESEARCH 
Several limitations must be acknowledged.  

First, the quasi-experimental design used two pre-existing intact classes at a single Taiwanese 
university, with one class assigned to the ChatGPT-enhanced STAD condition and the other 
to the traditional STAD condition. Because students were not randomly assigned between con-
ditions, treatment effects and class-level effects (instructor expectancy, scheduling, peer-cohort 
dynamics, Hawthorne effects) are perfectly confounded at the class level and cannot be statisti-
cally disentangled in this single-site sample. Multi-site, multi-class replication with random as-
signment at the class or cluster level is therefore needed before the present findings can be in-
terpreted as design-attributable rather than class-attributable. This is the most important meth-
odological constraint of the present study. 

Second, the sample size (N = 125) was adequate for detecting observed main effects but limited 
the power of fully crossed Group × Gender × Proficiency analyses. 

Third, the Subject Anxiety subscale yielded α = 0.574, below the conventional 0.70 threshold 
(Nunnally & Bernstein, 1994). All findings involving Subject Anxiety (Table 4, Dimension F; 
RQ5b proficiency comparison; RQ6b gender comparison) are therefore preliminary. Item-level 
revision using validated instruments such as the Foreign Language Classroom Anxiety Scale 
(Horwitz et al., 1986) is planned. Future replications will also report McDonald’s ω alongside 
Cronbach’s α (McDonald, 1999). 

Fourth, the participant-to-item ratio for the CFA was approximately 1:2.4 (N = 130; 55 items). 
This falls below the conventional 5:1 minimum and the preferred 10:1 ratio (Hair et al., 2019; 
Tabachnick & Fidell, 2019). Following Kline’s (2023) guidance that adequate sample size de-
pends on indicator reliability and factor definition rather than a rigid ratio, the present six-fac-
tor solution is acceptable but suboptimal. Future replication of the measurement model with N 
≥ 300 (ratio ≥ 5:1) is warranted before strong inferences are drawn from the factor structure. 

Fifth, automated, timestamped interaction-process data were not collected. The assessment of 
collaborative interaction quality (RQ4) relied on instructor field notes rather than systematic 
quantitative coding. Claims about AI usage are therefore based on self-reports and observer-
derived indicators, which limit causal inference. Relatedly, the chi-square test for differential 
prompting purposes (RQ3b) treated the 780 reflection-log entries as independent, although 
they were nested within 65 students. This violation of the independence assumption may in-
flate the test statistic and underestimate p-values, although Cramér’s V remains valid as a de-
scriptive effect-size indicator. The RQ3b finding is therefore reported as preliminary; future cy-
cles will aggregate prompting purposes at the student level (n = 65) or apply multilevel categor-
ical models. Establishing the full causal chain from design features to outcomes will require 
both automated logs and validated coding schemes. Future cycles will incorporate a triangu-
lated CSCL coding architecture drawing on De Wever et al. (2006) for methodological orienta-
tion, Gunawardena et al. (1997) for the social construction of knowledge, Garrison et al. (2001) 
for cognitive presence, and Hmelo-Silver and Barrows (2008) for facilitation analysis. 

Sixth, the study employed GPT-4o (OpenAI, 2024); future replications should compare out-
comes systematically across model versions. 

Seventh, strict scalar measurement invariance was not feasible owing to subgroup n < 100 (Van-
denberg & Lance, 2000); only configural and partial metric invariance could be established. In-
terpretation of subgroup attitudinal comparisons should be cautious accordingly. 

Eighth, the cohort was drawn from a single Taiwanese university, where first-year marketing 
students use Mandarin as the medium of instruction, with linguistic proficiency stratified by 
TOCFL band. The term “multilingual higher education” used in the title therefore denotes a 
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specific configuration: Mandarin-medium content instruction with TOCFL-stratified learners 
predominantly from East and Southeast Asia. It should not be over-extrapolated to typologi-
cally diverse plurilingual contexts (e.g., European Erasmus settings, sub-Saharan African pluri-
lingual universities) without dedicated replication. Replication across STEM, social-science, and 
professional-education contexts, and across genuinely diverse linguistic configurations, is re-
quired before broad generalisability claims can be made. 

Four future research directions emerge from these limitations: (a) automated AI usage logs 
with timestamped prompting-purpose coding will enable dose-response analysis and validation 
of proposed mechanisms; (b) cross-institutional, cross-disciplinary replications are needed 
across diverse linguistic contexts and educational stages; (c) the Subject Anxiety subscale will 
be revised with rigorous CFA on a larger sample. McDonald’s ω will be reported alongside 
Cronbach’s α, and gender-responsive scaffolding will be incorporated and evaluated; (d) longi-
tudinal follow-up will assess whether gains and equity effects persist post-intervention, and 
whether progressive scaffolding fading produces sustained independent performance; and (e) 
collaborative interaction quality (RQ4) will be measured through a triangulated CSCL coding 
architecture. This architecture combines De Wever et al.’s (2006) methodological review, Gun-
awardena et al.’s (1997) interaction analysis model, Garrison et al.’s (2001) practical inquiry 
framework, and Hmelo-Silver and Barrows’s (2008) collaborative-knowledge-building model, 
rather than relying solely on instructor field notes. 

CONCLUSION 
This study investigated whether a ChatGPT-enhanced cooperative learning intervention could 
improve academic achievement, learning attitudes, and interaction equity among linguistically 
diverse university students. The evidence addresses some research questions directly and others 
more indirectly: RQ1, RQ2, RQ5a, and RQ6a are answered through formal hypothesis testing, 
whereas RQ3a (dose-response), RQ4 (collaborative interaction quality), RQ3b (differential 
prompting purposes), RQ5b (proficiency-moderated attitudes), and RQ6b (gender-moderated 
intervention effects) are supported only by preliminary, exploratory, or self-reported evidence 
and warrant replication with automated process data and adequately powered factorial designs. 
With this calibration in mind, the study’s findings can be summarised as follows. 

RQ1 (achievement): achievement trajectories diverged progressively, reaching a large effect at 
posttest (d = 0.91). RQ2 (attitudes): four of six attitude dimensions improved significantly, led 
by Learning Confidence (d = 0.97); the subject anxiety dimension is treated as preliminary ow-
ing to low subscale reliability. RQ3a (dose-response): this could not be rigorously tested with-
out automated logs; the SUS-achievement correlation provides an indirect proxy (r = .35), and 
the finding is therefore exploratory. RQ3b (differential usage): self-reported prompting pur-
poses differed substantially by proficiency (Cramér’s V = 0.37); lower-proficiency learners re-
ported substantially more language-clarification queries; this finding is preliminary owing to the 
independence-assumption violation discussed in Limitations.  

RQ4 (collaborative quality): the instructor’s field notes provide preliminary, descriptive, ob-
server-derived evidence of improved engagement among lower-proficiency students. RQ5a 
(achievement gap): the proficiency-based achievement gap narrowed from 16.60 to 4.00 points 
(Group × Proficiency partial η² = 0.050). To our knowledge, and as supported by the struc-
tured Boolean literature search reported in the Discussion subsection “Equity Narrowing as 
the Headline Finding.” This provides initial subgroup-level evidence, awaiting multi-site repli-
cation, that AI-enhanced STAD may be associated with the compression of proficiency-based 
achievement disparities in content-area cooperative learning within a Mandarin-medium 
TOCFL-stratified configuration. Given the perfect confounding between condition and class 
noted in the Methodology, this finding should be read as a starting hypothesis for confirmatory 
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replication rather than as established causal evidence. RQ5b (within-experimental-group profi-
ciency differences in attitudes): an exploratory within-experimental-group analysis indicated 
that lower-proficiency students showed greater improvement in Learning Confidence; the Sub-
ject Anxiety component is preliminary, and this finding does not constitute a direct test of dif-
ferential intervention effects on attitudes relative to controls. RQ6a (gender main effect on 
achievement): no significant gender difference in achievement was detected. RQ6b (gender 
main effect on anxiety, exploratory): within the same equity framing as RQ5a, female students 
reported higher residual subject anxiety. This indicates that the design does not address all af-
fective barriers equally; this finding is exploratory and preliminary owing to subscale reliability 
and the absence of a formal Group × Gender interaction test. 

While these findings are based on a single-site study and warrant cross-institutional replication, 
they provide an initial evidence base for design-focused AI-use policies in linguistically diverse 
higher education. Institutions should adopt this governance-embedded design, integrating 
phase-structured AI access, tiered prompting, scaffolding fading, and AI-free accountability, to 
scale equity in multilingual classrooms. 

Future cycles will refine progressive scaffolding-fading protocols for sustained learner inde-
pendence. They will deploy automated usage logs to establish causal mechanisms. They will re-
vise the Subject Anxiety measurement instrument with rigorous CFA on a larger sample. Fi-
nally, they will incorporate gender-responsive features to address residual affective barriers. 
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