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  Abstract 
This study evaluates a “Smart-Fun Integration” teaching reform implemented in 
the Spring 2026 semester at an application-oriented college. A Business English 
AI dialogue platform built on the Doubao API and the TalkAI app was used to 
construct a generative-AI-embedded, task-driven model. A difference-in-differ-
ences (DID) design approach was applied to 154 Business Administration students 
across five classes. Main outcomes were measured through adapted self-report 
scales, supplemented by a standardized writing test. Results show that the treat-
ment group achieved net gains of 0.41 points in self-assessed writing ability and 
0.53 points in self-assessed oral interaction ability on a 5-point Likert scale (p 
< .05), corresponding to medium effect sizes (Cohen’s d = 0.52 and 0.61). Behav-
ioral and cognitive engagement improved significantly, whereas emotional en-
gagement did not. Within-treatment correlational analysis showed a positive asso-
ciation between AI dialogue frequency and gains in ability, without implying a 
causal dosage effect. Heterogeneity analysis indicated that intermediate-profi-
ciency learners benefited the most, while low-proficiency learners showed no sig-
nificant improvement in self-assessed oral interaction ability. Given identification 
constraints—few clusters, a single pre-treatment period, intact-class assignment, 
and self-reported outcomes—causal claims remain suggestive. This study offers 
an honest empirical record of a genuine pedagogical reform and a replicable path-
way for AI integration in ESP courses. 

Keywords 
Generative AI; business English; Smart-Fun Integration; Doubao; DID 

1. Introduction 
The deep integration of global trade and the “New Liberal Arts” initiative has pressed Business English instruction 
to evolve from knowledge transmission to competency-oriented practice. The 2018 National Standards for Under-
graduate Business English Programs set a clear direction: professional knowledge has to be connected with work-
place communication. In everyday teaching, however, this requirement often meets less orderly classroom realities. 
In the course context examined here, textbook cases did not always keep pace with current business practices such 
as cross-border livestreaming and new energy vehicle exports; classroom work was still shaped by explanation and 
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translation; fewer than five percent of students usually volunteered to speak; and uniform tasks tended to leave 
stronger learners under-challenged while making weaker learners more cautious. These problems are not only tech-
nical gaps in course resources; they directly affect authenticity, participation, and differentiated practice. 

The spread of generative artificial intelligence (GenAI) gives Business English teachers a practical way to rede-
sign this learning environment. Tools such as ChatGPT, Doubao, and DeepSeek can generate business scenarios, 
simulate clients or suppliers, and return language feedback within seconds. For learners who hesitate to speak in 
front of classmates, repeated interaction with an AI partner may also reduce the social pressure attached to oral 
practice. Recent studies have shown that conversational AI and AI-mediated speaking activities may improve EFL 
learners’ speaking performance, willingness to communicate, enjoyment, and engagement, although the magnitude 
of these effects varies across contexts (Wu, 2024; Fathi et al., 2024; Tai & Chen, 2024; Zhang et al., 2024). In the 
Chinese college English and Business English contexts, prior studies have also explored AI-supported teaching 
models and AI applications (Shao & Liu, 2024). In the specific field of Business English, Cao and Phongsatha (2025) 
found that an AI-driven blended platform produced medium effect sizes across all four skills, while Tsai (2025) 
demonstrated that GenAI-generated templates improved the content richness and language accuracy of business 
writing. At the policy level, China’s Ministry of Education launched an AI-enabled education initiative in March 
2024, and the Ministry of Education and four other departments issued the “AI + Education” Action Plan in April 
2026, placing Business English at a critical transformation juncture (Ministry of Education, 2024; Ministry of Ed-
ucation, 2026). 

Even so, the available evidence still leaves several questions open. Many studies use a simple pre-post design, 
making it difficult to separate an intervention effect from maturation, teacher attention, or ordinary semester pro-
gress. Although the difference-in-differences method has been widely used in education policy evaluation (e.g., Mei 
& Xie, 2025), it has rarely been applied to GenAI-supported language teaching. In addition, much of the existing 
work examines short interventions or general-purpose AI tools, whereas fewer studies follow a customized platform 
across an entire course. The learner population also matters. Application-oriented undergraduates often enter Busi-
ness English classes with uneven language foundations, limited confidence, and a strong reluctance to produce 
English orally; these conditions may affect how much they can benefit from AI-supported practice. 

To address these issues in a concrete teaching setting, our research team developed a Business English AI dia-
logue platform based on the ByteDance Doubao API and combined it with the TalkAI oral practice app. Together, 
the two tools supported what we call the “Smart-Fun Integration” teaching model. This study asks whether the 
model is associated with improvements in students’ self-assessed Business English writing, self-assessed oral inter-
action, and learning engagement, and whether the observed changes differ across proficiency levels. 

2. Teaching Reform Design 
2.1 Pain Points and Rationale 
The pre-reform diagnosis confirmed the classroom problems outlined above. Students’ hesitation to speak, the gap 
between textbook cases and current business practices, and the mismatch between uniform tasks and uneven profi-
ciency levels were not isolated teaching inconveniences; together, they constrained the course’s ability to provide 
authentic and differentiated practice. The reform, therefore, did not begin with the question of how to use AI, but 
with the question of where students needed more practice opportunities, more timely feedback, and more visible 
learning traces. On this basis, AI was embedded as a content generator, a role-play partner, and a process-data 
recorder, forming a teaching loop of scenario generation, task engagement, multimodal output, and feedback-based 
revision. 

2.2 Technical Tools 
The course used two tools with different functions. The Doubao Dialogue Platform was built on the Doubao large 
language model API and was used mainly for in-class or task-based business role-plays. It could play roles such as 
an overseas client, supplier, or dissatisfied customer, and the teacher could adjust prompts to match the business 
scenario and the expected level of difficulty. TalkAI, by contrast, was used mainly for after-class oral practice. It 
provided scenario drills, pronunciation feedback, and radar-style summaries of practice performance. In our design, 
Doubao carried the interactive business-scenario work, while TalkAI extended the amount of speaking practice 
outside class. The two tools, therefore, formed a practical in-class/after-class learning loop rather than two inde-
pendent add-ons. 
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2.3 Four Core Components 

(1) Resource generation with stronger course relevance. Teachers used prompts to generate materials for 12 
business scenarios, including client development, inquiry and quotation, product promotion, complaint handling, 
and business negotiation. Instead of assigning the same example to every student, the teacher could adjust the task 
card according to students’ interests and business themes. This made it easier to move from textbook-like content 
to cases that students recognized as closer to current business practice. 
(2) Scenario-based task progression. Each lesson was organized around a short task chain: scenario briefing, AI 
dialogue, immediate feedback, and task revision or upgrade. In a complaint-handling module, for example, the 
platform acted as a client asking for compensation. Students had to clarify the problem, respond politely, negotiate 
a solution, and revise their language after feedback. The value of the AI tool lay less in novelty than in the number 
of low-pressure turns it made possible within a limited class period. 
(3) Multimodal business expression. Students were not limited to short written answers. They also prepared prod-
uct promotion videos, English posters, AI-assisted voiceovers, and mini business drama scripts. These outputs gave 
students more than one route into English communication: some began with visual design, some with spoken re-
hearsal, and some with written scripts. AI scoring was used as an auxiliary reference, while peer and teacher evalu-
ations remained part of the assessment process. 
(4) Process-based feedback. Dialogue turns, feedback reception counts, TalkAI practice traces, and task-comple-
tion records were collected together with teacher observations. These data were used to produce individual growth 
curves and business-communication radar charts. The purpose was not to reduce learning to platform numbers, but 
to make parts of the learning process visible to both teachers and students, thereby shifting evaluation from end-
product display toward process-verifiable improvement (Kong, 2026). 

3. Research Design 

3.1 Identification Strategy 

We treat the Spring 2026 semester reform as a quasi-experimental design and specify: 

Yit=α+β1 Treati +β2 Postt +β3 (Treati ×Postt)+γXit +εit 
Post = 1 for Spring 2026, 0 for Fall 2025. The interaction coefficient β3 captures the average treatment effect. 

Control variables include Gaokao English score, gender, and residential origin. With only 5 classes, class-level 
clustering is unreliable; we thus use heteroskedasticity-robust standard errors. Only one pre-treatment semester (Fall 
2025) is available, making a rigorous parallel trends test impossible. We instead conduct a pre-treatment compara-
bility check and acknowledge this limitation. Because the intervention was assigned at the class level and only five 
classes were available, the estimates should be interpreted as descriptive quasi-experimental evidence rather than 
definitive causal effects. 

3.2 Sample and Data 

The sample comprises five intact Business Administration classes (N = 154) at Chongqing Metropolitan College of 
Science and Technology: Classes 1-3 (n = 100) served as the treatment group using Smart-Fun Integration; Classes 
4-5 (n = 54) served as the control group receiving traditional instruction. The assignment was non-random to avoid 
cross-class contamination. Instructors, textbooks, and class hours were identical across groups. 

Pre-test data (end of Fall 2025 semester) included self-assessed writing and self-assessed oral interaction scales, 
a standardized writing test (double-blind rated, inter-rater reliability 0.86), and a learning engagement scale. Post-
test data (end of Spring 2026 semester) repeated these measures. Process data for the treatment group, automatically 
logged by the platforms during Spring 2026, comprised dialogue turns, feedback reception counts, and task com-
pletion rates. The study used anonymized routine course-reform data and was reviewed by the course teaching-
research group. Participation in surveys and platform-based learning analytics was voluntary. Before data collection, 
students were informed that survey responses, writing-test scores, and platform logs would be used only for teach-
ing-research purposes in aggregate form, would not affect course grades, and would not disclose personally identi-
fiable information. Dialogue records and TalkAI/Doubao usage traces were coded by anonymous student IDs and 
stored for analysis of learning behaviors only. 
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3.3 Measurement Instruments 

All self-report scales were adapted from established instruments. The writing ability scale drew on Wang and Fan’s 
(2020) validated Business English writing scale, covering language accuracy, genre appropriateness, audience 
awareness, and persuasion strategy (8 items, Cronbach’s α=0.87-0.89). The self-assessed oral interaction scale was 
based on the speaking descriptors of China’s Standards of English Language Ability, addressing fluency, interaction 
ability, and pragmatic appropriateness (6 items, α=0.84–0.86). Learning engagement was measured using a small 
adaptation of Handelsman et al.’s (2005) Student Course Engagement Questionnaire. Because the original SCEQ 
dimensions are skills engagement, emotional engagement, participation/interaction engagement, and performance 
engagement, we did not directly reproduce the original factor labels. Following the needs of this course-evaluation 
study, items were reorganized as pragmatic indicators of behavioral, cognitive, and emotional engagement after 
review by two Business English instructors and one educational technology researcher; no new factor-structure 
claim is made beyond the reported internal consistency (α=0.79-0.84). Additional items for perceived useful-
ness/ease of use, task value, satisfaction, and course perceptions were drawn from Davis (1989), Pintrich et al. 
(1991), Bhattacherjee (2001), and Marsh (1982). The decision to use self-reported data was not made simply be-
cause platform scores were available. Rather, automated scores mainly capture surface linguistic features, while 
several important aspects of Business English writing, such as genre appropriateness, audience awareness, and per-
suasive strategy, require more contextual judgment. For this reason, self-assessment was used as a broader, though 
necessarily subjective, indicator of perceived ability. The standardized writing test and the self-assessed writing 
scale were therefore treated as complementary rather than interchangeable measures. The former focused mainly 
on linguistic accuracy and basic text organization; the latter captured students’ perceived competence in genre use, 
reader awareness, and persuasion. Consistency between the two measures was interpreted only as complementary 
support, not as direct equivalence across scales. 

4. Results 

4.1 Pre-treatment Comparability 

No significant differences were found between groups on Gaokao English scores (102.35 vs. 103.18; p = .68), pre-
test writing self-assessment (2.87 vs. 2.92; p = .73), self-assessed oral interaction (2.41 vs. 2.47; p = .66), or stand-
ardized writing test scores (62.35 vs. 63.12; p = .59). Baseline differences across the three learning engagement 
dimensions were also statistically non-significant. Demographic variables (gender and residential origin) were sim-
ilarly balanced between groups. Baseline equivalence provides supportive evidence for group comparability, but it 
does not substitute for a formal parallel trends test. With only one pre-treatment period available in the dataset, a 
rigorous examination of pre-intervention trend consistency cannot be conducted, which represents an important 
boundary for the causal interpretation of our DID estimates. 

4.2 Main Effects 

The DID interaction coefficient for self-assessed writing ability was 0.41 (p < .05, d = 0.52), while the control 
group’s natural increase was 0.19 points. For self-assessed oral interaction ability, the coefficient was 0.53 (p < .05, 
d = 0.61), with a control gain of 0.14 points. Estimates remained stable after adding control variables and class fixed 
effects. 

Table 1. Difference-in-Differences Estimates for Core Business English Abilities 

Outcome Treatment 
pretest mean 

Control pre-
test mean 

Control natu-
ral gain DID net gain Cohen’s d Relative magni-

tude 

Self-assessed Business English writ-
ing ability 2.87 2.92 +0.19 +0.41* 0.52  

Self-assessed oral interaction ability 2.41 2.47 +0.14 +0.53* 0.61  
Notes. Values are reported on a 5-point Likert scale. DID = difference-in-differences. Relative-magnitude bars are normalized within this table and are 
intended only to make the disclosed estimates easier to read. *p < .05. 
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4.3 Learning Engagement 

Behavioral engagement rose by 0.48 points (p < .05) and cognitive engagement by 0.29 points (p < .05). Emotional 
engagement showed a non-significant increase of 0.15 points (p = .14). Technology thus drove actions and strategies, 
but no statistically detectable improvement in emotional connection. 

Table 2. Changes in Learning Engagement Indicators 

Engagement indicator Estimated gain p value Statistical result Relative magnitude 

Behavioral engagement +0.48 < .05 Significant improvement  

Cognitive engagement +0.29 < .05 Significant improvement  

Emotional engagement +0.15 = .14 Not significant  
Notes. Estimated gains are drawn from the reported results section. Relative-magnitude bars are normalized within this table and do not represent 
additional statistics. 

4.4 Within-Treatment Correlational Analysis 

Because process data were collected only for the treatment group, a standard mediation or instrumental-variable 
analysis is not possible. Within the treatment group, each additional 10 AI dialogue turns was correlated with a 
0.09-point larger pre-post improvement in self-assessed writing ability (p < .05), and each additional 10 feedback 
receptions was correlated with a 0.07-point larger pre-post improvement (p < .05). Self-assessed oral interaction 
ability showed similar associations. These estimates should be interpreted as within-treatment correlations rather 
than causal dosage effects, because unobserved factors such as initial motivation may drive both AI-use frequency 
and learning gains. 

4.5 Heterogeneity 

Intermediate-proficiency learners achieved the largest writing (0.48) and self-assessed oral interaction (0.62) gains 
(p < .05). High-proficiency learners followed (0.35 and 0.44, p < .05). Low-proficiency learners showed a margin-
ally significant writing gain (0.19, p = .08) and a non-significant self-assessed oral interaction gain (0.12, p = .28). 

Table 3. Heterogeneity of Reform Effects by Initial Proficiency Level 

Proficiency group Writing gain Writing magni-
tude 

Oral interaction 
gain Oral magnitude Significance pattern 

Intermediate-proficiency learners +0.48*  +0.62*  Largest significant gains 

High-proficiency learners +0.35*  +0.44*  Moderate significant gains 

Low-proficiency learners +0.19  +0.12  Limited/non-significant gains 

Notes. Gains are reported as changes in self-assessed outcomes. Relative-magnitude bars are normalized within each outcome column. *p < .05. The 
oral interaction gain for low-proficiency learners was not statistically significant (p = .28). 

4.6 Robustness Checks 

No true placebo test with multiple pre-treatment periods was feasible, as historical achievement data from prior 
semesters were not collected. As an exploratory check, the Fall 2025 control group was randomly split into pseudo-
treatment and pseudo-control groups (n ≈ 27 each). The resulting DID coefficients were non-significant (writing β 
= 0.06, p = .58; self-assessed oral interaction β = 0.04, p = .71), but this test has low statistical power due to small 
subsample sizes and does not rule out parallel trends violations. Replacing self-assessed writing with the standard-
ized writing test score yielded a DID coefficient of 4.11 points (p < .05), providing complementary evidence con-
sistent with the direction of the self-report results. 
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5. Discussion 

5.1 Causal Identification and Its Boundaries 

The findings should first be read against the modest strength of the research design. The estimated gains in self-
assessed writing and oral interaction were in the medium range (d = 0.52 and 0.61), suggesting that the Smart-Fun 
Integration model created more opportunities for repeated, low-pressure practice than the traditional classroom ar-
rangement. At the same time, these estimates cannot bear the weight of a strong causal claim. The intervention was 
implemented at the class level; only five classes were available, and the study had a single pre-treatment semester. 
Class-level unobserved factors may therefore remain, and robust standard errors cannot fully solve the problem 
created by so few clusters. Self-reported outcomes also carry the usual risk of expectancy effects and social desira-
bility bias. The standardized writing test points in the same direction as the self-assessed writing results, but the two 
indicators capture different sub-constructs and are not directly comparable across scales. For these reasons, the 
evidence is best understood as cautious, descriptive quasi-experimental evidence rather than a definitive estimate 
of causal impact. 

5.2 The Lag in Emotional Engagement 

The engagement results add an important qualification to the positive ability gains. Behavioral and cognitive en-
gagement improved, but emotional engagement did not show a statistically significant change. This pattern is plau-
sible in the present course context. AI-supported tasks can increase the frequency of practice, provide immediate 
feedback, and help students organize their learning strategies. These features may strengthen participation and per-
ceived competence. They do not, however, automatically create attachment to the course, trust in the teacher, or a 
sense of being personally encouraged. This interpretation is consistent with cognitive evaluation theory, which dis-
tinguishes informational support from controlling or emotionally meaningful experiences (Ryan, 1982). In this sense, 
the Doubao platform supplied language feedback, but it could not replace the teacher’s timely encouragement, 
classroom judgment, and interpersonal presence. The result also echoes Su’s (2026) view that foreign language 
teachers’ AI literacy should not be reduced to technical operation; teachers still function as emotional connectors in 
AI-supported classrooms. 

5.3 Uneven Technology Dividends 

The heterogeneity results point to a second boundary: the benefits of AI-supported instruction were not distributed 
evenly. Intermediate-proficiency learners showed the largest gains, high-proficiency learners also benefited, and 
low-proficiency learners showed no significant improvement in self-assessed oral interaction. One possible expla-
nation is that the weakest learners had difficulty formulating prompts, interpreting feedback, or sustaining multi-
turn interaction long enough to benefit from the system. This is not simply a matter of access to technology. AI 
literacy includes the ability to understand, use, evaluate, and apply AI systems effectively and ethically (Ng et al., 
2021). From the perspective of digital inclusion, access without meaningful use may reproduce existing learning 
gaps rather than close them (Warschauer, 2003). The present findings, therefore, caution against treating GenAI as 
an automatically equalizing tool. Lower-proficiency students may need more scaffolding, model prompts, bilingual 
support at the beginning of tasks, and teacher-guided reflection before they can turn AI interaction into real oral 
development. 

5.4 Practical Implications 

Several practical implications follow from these results. First, AI activities should be embedded in a task chain that 
links in-class business scenarios with after-class practice, rather than being used as isolated exercises. Second, 
teachers should use platform traces carefully: dialogue turns and feedback counts are useful process indicators, but 
they need to be interpreted alongside teacher observation and student output. Third, the teacher’s role becomes more 
demanding, not less. Teachers need to design scenarios, calibrate task difficulty, interpret AI feedback, and provide 
the emotional support that platforms cannot supply. Finally, AI literacy training should be introduced early in the 
course, especially for lower-proficiency learners. Without explicit instruction on how to ask, revise, evaluate, and 
learn from AI-generated responses, the students who most need additional practice may be the least able to use the 
tool effectively. 



Qingyu Guo, Yufei He, Lan Li, Na Zhu 
 

 

DOI: 10.26855/er.2026.04.009 245 The Educational Review, USA 

 

6. Conclusions and Limitations 

This study offers preliminary evidence that the Smart-Fun Integration model positively affects self-assessed Busi-
ness English writing and self-assessed oral interaction, with significant improvements in behavioral and cognitive 
engagement. Emotional engagement and low-proficiency self-assessed oral interaction remain challenges. The main 
limitations are: insufficient clusters for reliable inference, a single pre-treatment period, intact-class assignment, 
reliance on self-reported outcomes, process data limited to the treatment group, a small, low-proficiency subsample, 
a single-institution sample, and a one-semester follow-up. Future studies should adopt multi-institutional designs 
with more classes, longer pre-treatment observation windows, individual-level randomization, and objective ability 
assessments to strengthen causal evidence. The ultimate aim of educational AI is not to make humans more machine-
like, but to enable fuller human development through thoughtful human-machine collaboration. 
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