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ARTICLE INFO ABSTRACT

Article history This study explores how Generative Al tools, specifically ChatGPT and

Received Gemini, can enhance English for Specific Purposes (ESP) learning in
Revised vocational education. Drawing on the UTAUT2 model of technology
Accepted acceptance and recent discussions on Al-mediated learning, we

examine the roles of baseline ability, perceived usefulness, and

Keywords satisfaction as mediating factors in ESP classrooms. Data were

ChatGPT and Gemini collected from 50 vocational students across five departments _us_ing
ESP in vocational education pre- and post-tests, Al usage logs, and Likert-scale surveys. Statistical
Generative Al tools analyses included descriptive statistics, paired t-tests, ANOVA with
UTAUT2 framework Tukey adjustment, correlation, reliability tests, and predictive modeling

(OLS and LASSO) in SAS Studio. Results show a mean learning gain
of 24.42 points, with Nursing and IT students benefiting most. Al usage
hours strongly correlate with post-test scores but not directly with
learning gain, suggesting that perceived usefulness and satisfaction
(both rated 4.4/5 with a = 1.00) mediate the outcomes. Baseline
competence remains the strongest predictor, highlighting persistent
disparities in skill distribution across vocational fields. These findings
imply that effective integration of Generative Al in ESP requires
scaffolding and domain-specific alignment rather than simple exposure.
The study offers a novel framework for Al-supported ESP instruction,
providing practical guidance for educators and policymakers in
Indonesia and similar contexts.

1. Introduction

Generative Al (GenAl) like ChatGPT and Gemini are rapidly entering the language learning
ecosystem and driving changes in the way teachers design assignments, give feedback, and assess writing
and speaking performance. In the language class, we observed that multimodal tools like Gemini facilitate
adaptive support across text-image—audio, while ChatGPT accelerates dialogical write-write feedback.
Nevertheless, this massive integration has also sharpened the debate about academic integrity and the
governance of the use of Al in universities. The findings of the cross- country survey also showed student
adoption and attitudes were generally positive, but mixed with ethical concerns. This is in the spotlight
because vocational education requires language competencies that are very specific to the work domain
(ESP) and require a learning model that is measurable in impact as well as ethical in its use. (Imran &
Almusharraf, 2024; Chan et al., 2023; Gruenhagen et al., 2024; Kofinas et al., 2024).
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Recent studies show that in 2023-2025 publications on ChatGPT in language education will surge
and generally report a positive impact on language learning outcomes, especially on writing and speaking
practices, while highlighting methodological issues (e.g., not yet robust experimental design) and the
need for a more rigorous ethical framework. Notably, a systematic review in Computers & Education:
Artificial Intelligence mapped the benefits and limitations of ChatGPT for L2 writing; another review
showed Al chatbots had an impact on EFL's speaking practice; and a recent experimental meta-analysis
reported a meaningful average effect on academic performance. A closer look at the evidence base
indicates that the context of vocational ESP particularly in Southeast Asia is still underrepresented, and
many studies have not combined pedagogical efficacy measurements with technology adoption models.
This marks the theoretical-empirical gap we fill. (Li et al., 2024; Du & Daniel, 2024; Lai & Lee, 2024;
Deng et al., 2025; Barrot, 2023).

This study focuses on: (1) the extent to which ChatGPT and Gemini improve ESP learning outcomes
in vocational education (especially technical/vocational task writing skills and domain vocabulary); (2)
how the acceptance factor (e.g. performance expectancy, effort expectancy, social influence) affect the
intention and intensity of GenAl use by vocational students; and (3) how GenAl integration can be aligned
with the principles of academic integrity and ESP assessment standards. Our goal is to produce an
integrated framework (ESP-GenAl-adoption) that can be directly operationalized in Indonesia/ASEAN
vocational settings.

Hypothesis

H1: GenAl integration improves ESP (domain writing & vocabulary) task scores compared to
normal practice.

H2: Performance expectancy and social influence predict intention to use GenAl for
ESP (UTAUT2/TPB model).

H3: The effect of GenAl is greater on vocational programs that require intensive technical
documentation (e.g., engineering, medical tourism) than on programs with a lower domain literacy
burden.

Theoretically, this study brings together GenAl's pedagogical evidence in language learning with
technology adoption theory (UTAUT2/TPB), thus contributing to the refinement of the relationship
between learning affordances and acceptance drivers in the context of ESP. In practical terms, the
resulting framework guides assignment design, GenAl-assisted feedback rubrics, and classroom policies
that maintain the originality of the work. Our analysis indicates that GenAl's effect on academic
performance is considerable (meta-analysis reports g~0.71 for performance, g~0.88 for affective), but the
sustainability of its impact is highly dependent on user acceptance and a clear ethical-institutional fence.
(Deng et al., 2025; Strzelecki & ElArabawy, 2024; Grassini, 2024; Ivanov et al., 2024; Kofinas et al.,
2024).

The literature review serves to map the position of this research in the evolving literature landscape
regarding the use of Generative Al (GenAl) in English for Specific Purposes (ESP) learning. This section
shows the relevance of previous findings, while also identifying remaining methodological weaknesses.
The structure of this literature review begins with a thematic presentation of previous research, followed
by a critical analysis, unanswered gaps, and original contributions from this research.

Recent literature shows that the integration of GenAl in vocational education increases student
learning gain and engagement, especially through Al-based feedback and adaptive tutoring (Firat, 2023;
Kim & Kim, 2024). Empirical studies confirm that Al usage intensity is positively correlated with
perceived usefulness and satisfaction, but cross-disciplinary variation is still high (Sun et al., 2023). In
the context of ESP, research emphasizes that the use of Al can accelerate the mastery of technical
terminology and improve self-regulated learning (Zhang et al., 2022; Huang & Hew, 2023). However,
other studies warn of the risk of overreliance that reduces critical thinking (Kasneci et al., 2023). In terms
of methodology, most studies use descriptive surveys or limited experiments with small samples and
simple statistical analysis (t-testt ANOVA). There have not been many studies that have applied predictive
modeling (LASSO, regression, machine learning) to evaluate predictive variables of learning gain.

Previous studies have clear limitations:

1. Data limitations — most studies only use perceptual survey data, without triangulation with
guantitative learning outcomes.

Dani Chandra Yudho Pranoto (Harnessing Generative Al for ESP: A Cross-Disciplinary Vocational Education)



3 International Journal of Artificial Intelegence Research ISSN 2579-7298
Vol 9, No 1.1 (2025)

2. Lack of context variation — studies are dominant in the IT/engineering field, while ESP in maritime,
nursing, and tourism are relatively neglected.

3. Analysis methods — statistical approaches often stop at differential tests (ANOVA, t-test), rarely
exploring machine learning-based prediction models that are able to capture the complexity of
relationships between variables.

4. Construct reliability — although there are measures of perceived usefulness and satisfaction, most
studies do not report reliability tests (e.g. Cronbach's alpha) in detail.

5. This study fills a critical gap by combining quantitative data on pre-posttests, the intensity of Al
use, and machine learning analysis (LASSO) in students across majors.

Table 1. Comparison of Previous Study vs This Study

Aspects Previous Studies This Study
Focus IT/engineering based ESP ESP across majors (Engineering, 1T, Aviation,
Nursing, Tourism)
Key variables Perception (PU, satisfaction) Pre-post test, Al usage, PU, satisfaction, learning
gain

Methodology Survey, t-test, ANOVA Descriptive, ANOVA, ANCOVA, regresi OLS,
LASSO

Debilitation Small sample, dominant Extend with quantitative data, predictive analytics

perception, simple analysis
Contribution Demonstrating the early Filling the gap with cross-disciplinary prediction
benefits of GenAl models for ESP

Table 1 Comparison between the previous study and this study shows an important shift in approach,
scope, and contribution to the study of the use of Generative Al in English for Specific Purposes (ESP)
learning. Previous studies have generally focused on a limited context, namely IT- based or engineering-
based ESP. This kind of focus tends to ignore the diversity of language needs in other majors such as
maritime, nursing, and tourism. This research comes with a wider scope, covering across departments,
resulting in a comprehensive picture of the effectiveness of Al in diverse vocational contexts. In terms of
variables, previous studies have emphasized perception, especially perceived usefulness (PU) and
satisfaction. This approach is important but limited, as it does not directly measure the real impact on
academic achievement. Instead, this study combines perception variables with quantitative data such as
pre-post tests, Al use intensity, and learning gain, so that it is able to present a more objective and holistic
analysis. Methodology has also improved. If previous studies tended to rely on simple surveys, t-tests, or
ANOVA:s, this study combines them with advanced methods such as ANCOVA, OLS regression, and
LASSO that allow for more accurate predictions as well as bias reduction. Thus, the weaknesses of small
samples, dominance of perception, and simple analysis were successfully overcome. A tangible
contribution of this research is the development of a cross-disciplinary predictive model that not only
enriches the literature, but also provides practical guidelines for the integration of GenAl in ESP learning
in vocational education.

This literature review shows that the current literature supports the effectiveness of GenAl in ESP
learning, but is still limited in the scope of the discipline, sample size, and depth of methodological
analysis. This research is important because it presents a combination of quantitative data across
departments with a machine learning approach, thus making a new contribution to understanding how
the intensity of the use of Al and psychometric factors affects student learning gain. These findings
became a solid basis for moving on to the research methods section.
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2. Method

2.1. Research Design
The research design was quantitative experimental with ANCOVA and ANOVA. Each student took
a pre-test and post-test, then the data was analyzed using:

Paired t-test to see the difference in scores before and after treatment.

ANOVA and Tukey HSD to compare learning gains between majors.

ANCOVA to control the pre-test variables.

OLS and LASSO regression (Cross-Validation) as a state-of-the-art method for predicting learning
gain.

This approach was chosen because it was fit for purpose: the data was interval-scale, the sample
size was relatively small (N=50), and the focus of the research was on predictive and comparative
relationships.his research employed a mixed-method experimental design with pre-test and post- test
comparisons to measure the impact of Al-assisted ESP learning. Quantitative data included student
scores, Al usage logs, and survey responses. Analyses were conducted using descriptive statistics,
paired t-tests, ANOVA/ANCOVA, Pearson correlation, and predictive modeling (OLS & LASSO
regression).

2.2.Data and Data Sources
The research data is primary, obtained from 50 students in five departments: Engineering, IT,
Aviation, Nursing, and Tourism. The variables used include:

«  Cognitive: Pre-test score, Post-test score, Learning Gain, Normalized Gain.
* Al Usage: Al Usage Hours, Al Usage Level.
«  Affective Factors: Perceived Usefulness, Satisfaction.

Data collection was carried out through a written test (pre/post) and a perception questionnaire. During
the collection, field observations showed significant variation in Al access, especially between Nursing
(high usage) and Aviation (medium usage).

2.3.Data Processing and Analysis Methods

Data using the procedure:

«  Descriptive Statistics (mean, median, SD, range) for a preliminary picture.

*  Normality Test (Shapiro-Wilk, KS, Anderson-Darling) to ensure distribution.

»  Paired t-test and Cohen's d for measures of intervention effects.

«  ANOVA/ANCOVA for inter-department analysis.

«  Pearson Correlation for relationships between variables.

*  OLS Regression and LASSO (Cross-Validation) for learning gain prediction based on Al variables
and perception factors.
Model evaluation was conducted using the following metrics: R-Square, Root MSE, AIC, SBC,

and Cross-Validation PRESS. The LASSO model was chosen because it is able to automatically select

predictors and reduce overfitting

2.4.Validation and Reliability
Validation is carried out through:

*  Test the assumption of normality and homogeneity of variants (Levene's Test).

»  Cross-validation (5-fold) on LASSO for prediction validity.

« The reliability of the construct was tested using Cronbach's Alpha on the variables Perceived
Usefulness and Satisfaction, resulting in a value of a=1.0 indicating perfect consistency

2.5.Research Ethics
Because the study involved student respondents, ethical procedures were applied:

»  Each participant is given informed consent.
«  Student identities are maintained through an anonymous code (Student_ID).
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« Data are only used for academic purposes, as per the guidelines of ethical research in education
(Cohen et al., 2018; Creswell & Creswell, 2023).

2.6. Method Limitations
This study has limitations:
1. The number of samples is limited (N=50), so the generalization is still weak.

2. Thedistribution of Al use tends to be uneven between departments (for example, Nursing is
more predominantly high usage).

3. High reliability on a scale of two items (PU and Satisfaction) is potentially inflated.

Follow-up research recommendations are to expand the cross-university sample, use
longitudinal designs, and add moderator variables (e.g. intrinsic motivation).

3. Results And Discussion

3.1 Presentation of Data and Key Findings

The results showed that all majors experienced a significant increase from pre-test to post-test.
The average learning gain ranged from 23.8-25.3 points, with the highest normalized gain in the
Nursing department (0.62). Interestingly, even though IT recorded a lower pre-test score than
Nursing, the learning gain was actually higher (25.3).

3.2 Analysis and Interpretation of Results

The results of the paired t-test confirmed a significant difference between the initial and final
scores (p<0.001, Cohen's d=21, indicating a very large effect)

Table 2. Descriptive Analysis

Variable N Mean Std Dev Minimum 25th Pctl Median 75th Pctl Maximum
Pre_Test_Score 50 ' 53.5200000 @ 5.0759135 @ 45.0000000 @ 49.0000000 53.0000000 58.0000000 | 63.0000000
Post_Test_Score 50 | 77.9400000 @ 4.9832782 = 70.0000000 @ 73.0000000 77.5000000 82.0000000 | 88.0000000
Learning_Gain 50 ' 24.4200000 @ 1.1621584 = 22.0000000 @ 24.0000000 24.5000000 25.0000000 | 27.0000000

Normalized_Gain 50 | 0.5313559 0.0613866 | 0.4313725 0.4800000 0.5208333 0.5777778 0.6756757
Al_Usage Hours 50 | 16.8800000 | 3.7614587 | 10.0000000 & 14.0000000 17.0000000 = 20.0000000 | 24.0000000
Perceived_Usefuln = 50 | 4.4000000 0.6700594 | 3.0000000 4.0000000 4.5000000 5.0000000 5.0000000
ess 50 | 4.4000000 0.6700594 | 3.0000000 4.0000000 4.5000000 5.0000000 5.0000000
Satisfaction

Table 2 The results of the descriptive analysis provide an overview of student performance before and
after Generative Al intervention in English for Specific Purposes (ESP) learning. The average pre-test
score was 53.52 with a standard deviation of 5.07, while the average post-test increased significantly to
77.94 with a standard deviation of 4.98. This increase resulted in an average learning gain of 24.42 points,
with a minimum score of 22 and a maximum of 27. This indicates the consistency of improvement in
learning outcomes in almost all respondents. When viewed from the relative effect size, the normalized
gain shows an average of 0.53, ranging from 0.43 to 0.67. This figure is in the medium to high category,
reinforcing the evidence that the use of Al has a real contribution to improving academic achievement.

The variable of the intensity of Al use also showed quite wide variation, with an average of 16.88
hours, a minimum value of 10 hours, and a maximum of 24 hours. This difference explains the difference
in the pattern of Al utilization between students. In terms of affective factors, perceived usefulness and
satisfaction both had an average of 4.4 on a scale of 5, with a median of 4.5 and a relatively small standard
deviation (0.67). These findings confirm that respondents not only gain cognitive benefits, but also rate
Al-based learning experiences as positive and satisfying. This combination of cognitive and affective
achievement is an important indicator of the success of GenAl integration in vocational contexts.
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Table 3. Comparative analysis between majors

25th
Department N Obs Variable N Mean Std Dev = Minimum Pctl Median 75th Pctl Maximum
Engineering 10 Pre_Test_Score 10 = 55.6000 @ 2.87518 = 52.000000 & 53.0000 @ 55.50000 @ 58.00000 | 60.0000000
Post_Test_Score 10 000 12 0 000 00 00 84.0000000
Learning_Gain 10 = 80.1000 @ 2.88482 | 75.000000 & 78.0000 @ 80.50000 @ 83.00000 | 26.0000000
Normalized_Gain = 10 000 62 0 000 00 00 0.6046512
Al_Usage_Hours | 10 = 245000 @ 1.08012 & 23.000000 | 24.0000 & 24.50000 @ 25.00000 & 21.0000000
Perceived_Useful = 10 000 34 0 000 00 00 5.0000000
ness 10 = 0.55362 @ 0.03893 | 0.4791667 @ 0.53191 @ 0.546536 & 0.585365 & 5.0000000
Satisfaction 62 24 15.000000 49 8 9
18.3000 = 2.05750 0 17.0000 = 18.50000 | 20.00000
000 66 4,0000000 000 00 00
460000 = 0.51639 | 4.0000000 @ 4.00000 @ 5.000000 | 5.000000
00 78 00 0 0
4.60000 | 0.51639 4.00000 | 5.000000 & 5.000000
00 78 00 0 0
IT 10 Pre_Test_Score 10 = 494000 @ 2.67498 = 46.000000 & 47.0000 @ 49.00000 = 51.00000 | 54.0000000
Post_Test_Score 10 000 70 0 000 00 00 79.0000000
Learning_Gain 10 = 747000 @ 2.49666 = 72.000000 & 73.0000 @ 74.00000 @ 76.00000 | 27.0000000
Normalized_Gain = 10 000 44 0 000 00 00 0.5434783
Al_Usage Hours = 10 @ 253000 @ 0.82327 | 24.000000 @ 25.0000 | 25.00000 & 26.00000 & 19.0000000
Perceived_Useful = 10 000 26 0 000 00 00 5.0000000
ness 10 = 0.50101 @ 0.02612 | 0.4615385 @ 0.48076 & 0.500000 & 0.520000 & 5.0000000
Satisfaction 69 32 12.000000 92 0 0
14,5000 = 2.54950 0 12.0000 = 14.00000 & 16.00000
000 98 3.0000000 000 00 00
420000 = 0.91893 | 3.0000000 @ 3.00000 @ 4.500000 | 5.000000
00 66 00 0 0
4.20000 | 0.91893 3.00000 | 4.500000 & 5.000000
00 66 00 0 0
Auviation 10 Pre_Test_Score 10 = 49.7000 @ 2.11081 = 45.000000 & 49.0000 @ 50.00000 = 51.00000 | 52.0000000
Post_Test_Score 10 000 87 0 000 00 00 77.0000000
Learning_Gain 10 = 73,5000 @ 2.27303 = 70.000000 | 71.0000 @ 74.00000 @ 75.00000 | 25.0000000
Normalized_Gain = 10 000 03 0 000 00 00 0.5208333
Al_Usage Hours = 10 = 23.8000 &= 0.91893 | 22.000000 @ 23.0000 | 24.00000 & 24.00000 ' 16.0000000
Perceived_Useful = 10 000 66 0 000 00 00 5.0000000
ness 10 = 047388 @ 0.02671 | 0.4313725 @ 0.45454 @ 0.475294 | 0.489795 = 5.0000000
Satisfaction 31 58 10.000000 55 1 9
13.2000 = 2.14993 0 11.0000 = 13.50000 | 15.00000
000 54 3.0000000 000 00 00
420000 = 0.78881 | 3.0000000 @ 4.00000 @ 4.000000 | 5.000000
00 06 00 0 0
4.20000 | 0.78881 4.00000 | 4.000000 & 5.000000
00 06 00 0 0
Nursing 10 Pre_Test_Score 10 = 60.9000  1.66333 = 58.000000 & 60.0000 @ 61.00000 @ 62.00000 | 63.0000000
Post_Test_Score 10 000 00 0 000 00 00 88.0000000
Learning_Gain 10 = 85.0000 @ 2.05480 @ 82.000000 & 84.0000 @ 85.00000 @ 87.00000 | 25.0000000
Normalized_Gain = 10 000 47 0 000 00 00 0.6756757
Al_Usage Hours = 10 = 24.1000 &= 0.99442 | 22.000000 @ 24.0000 | 24.00000 & 25.00000 & 24.0000000
Perceived_Useful = 10 000 89 0 000 00 00 5.0000000
ness 10 = 0.61750 @ 0.03907 | 0.5500000 @ 0.60000 @ 0.612570 & 0.648648 & 5.0000000
Satisfaction 77 13 20.000000 00 4 6
21.8000 @ 1.31656 0 21.0000 = 22.00000 | 23.00000
000 12 5.0000000 000 00 00
5.00000 0 5.0000000 & 5.00000 | 5.000000 @ 5.000000
00 0 00 0 0
5.00000 5.00000 = 5.000000 & 5.000000
00 00 0 0
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Department =~ N Obs Variable N Mean StdDev ~ Minimum 25th Median 75th Pctl = Maximum
Pctl
Tourism 10 Pre Test Scor 10  52.0000 3.82970  47.000000 480000 5350000 55.00000 = 57.0000000
e 10 000 84 0 000 00 00 82.0000000
f:St—TeSt—SCO 10 764000 3.80642 72000000 = 720000 77.50000 79.00000 = 27.0000000
Learning_Gai 10 000 73 0 000 00 00 0.5813953
n 10 244000 1.50554 = 22.000000 23.0000 2450000 25.00000  20.0000000
Normalized_ 10 000 53 0 000 00 00 4,0000000
ﬁf'gsage o 10 051074 004599 04509804 047169 0.500838 0.543478 | 4.0000000
urs - 58 10 12.000000 81 6 3
Perceived_Use 16.6000 3.06231 0 14,0000 17.50000  19.00000
ful ness 000 58 4.0000000 000 00 00
Satisfaction 400000 0 4.0000000 400000 4.000000  4.000000
00 0 00 0 0
4,00000 400000 4.000000  4.000000
00 00 0 0

Table 3 A comparative analysis between departments shows interesting variations in the effectiveness
of Generative Al integration for English for Specific Purposes (ESP) learning. Engineering students
recorded an average pre-test score of 55.6 and a post-test score of 80.1 with a learning gain of 24.5 points.
The average intensity of Al use was 18.3 hours, accompanied by consistently high usability perception
and satisfaction (4.6/5). These findings show a balance between cognitive and affective outcomes. The
IT department started with a lower pre-test score (49.4), but showed the highest learning gain, which was
25.3 points. Although the hours of use of Al are relatively lower (14.5 hours), this achievement indicates
that IT students are more responsive to Al-based feedback, with a perception of usability and moderate
satisfaction (4.2/5). Aviation students recorded the lowest learning gain (23.8 points) with an average of
13.2 hours of Al use. Although the perception of usability is quite good (4.2/5), the low intensity of Al
use is suspected to limit the impact of learning. In contrast, Nursing consistently performed, with a post-
test score of 85, a normalized gain of 0.62, and the highest use of Al (21.8 hours). Usability and
satisfaction ratings reached 5/5, reflecting optimal Al adoption. The Tourism Department is in a medium
position with a learning gain of 24.4 points and an average of 16.6 hours of Al use. Although the
perception of usability tends to be lower (4.0/5), academic results still show a significant improvement.
Overall, this data confirms that the rate of Al adoption and disciplinary contexts strongly influence ESP
achievement, with Nursing and IT being the most benefited majors, while Aviation shows the need for
further intervention.

Table 4. Analysis by Major.

Al_Usage Level Frequency Percent
High 10 20.00
Low 1 2.00
Medium 39 78.00

Table 4 Analysis by department shows significant variation in the effectiveness of the use of
Generative Al in English for Specific Purposes (ESP) learning. The Engineering department obtained an
average pre-test score of 55.6 and increased to 80.1 in the post-test, with a learning gain of 24.5 points.
The intensity of Al use was relatively high (18.3 hours) and accompanied by consistently positive
usability and satisfaction perceptions (4.6/5), confirming the suitability of Al integration with technical
needs. IT majors show a different pattern: although the initial score is quite low (49.4), the learning gain
is the highest, at 25.3 points. Although the hours of use of Al were lower (14.5 hours), these results
showed high responsiveness of IT students to Al-based feedback, with moderate usability perceptions
(4.2/5). On the other hand, the Aviation major recorded the lowest achievement with an average learning
gain of 23.8 points and the lowest use of Al (13.2 hours). This suggests that reliance on field practice
limits the use of Al. The Nursing Department is actually the most superior, with a post-test score of 85,
a normalized gain of 0.62, and the highest use of Al (21.8 hours). Perception of usability and perfect
satisfaction (5/5) confirms optimal acceptance rates. Meanwhile, Tourism is at the intermediate level with
a learning gain of 24.4 points and the use of Al of 16.6 hours. Although the perception of usability is only
4.0/5, the academic improvement is still significant. Overall, this variation emphasizes that Al adoption
is heavily influenced by disciplinary
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contexts, with Nursing and IT benefiting the most, while Aviation requires specific intervention
strategies.

Scatter Plot: Al Usage Hours vs Learning Gain

eaming Gain

23.0¢

225}

10 12 14 16 18 20 22 24
Al Usage Hours

Figure 1. Scatter charts

Figure 1 The scatter graph shown shows the relationship between Al Usage Hours and improved
student learning outcomes (Learning Gain) in the context of English for Specific Purposes (ESP) learning.
The data points illustrate a relatively concentrated distribution of learning gain in the range of 23 to 25
points, although there are some outliers with higher (26-27 points) and lower (22 points) achievements.
The added regression lines show a slight negative slope, indicating a tendency that increased hours of Al
use are not always followed by increased learning gain. It can be interpreted that the duration of Al use
is not the main determining factor for improving cognitive achievement.

On the other hand, other factors such as the quality of interaction, perception of usability, satisfaction,
and baseline of student competencies play a greater role in explaining the variation in results. This
phenomenon is consistent with previous findings that the intensity of Al use is strongly related to overall
post-test scores, but does not have a significant correlation with learning gain. Thus, the use of Al
guantitatively needs to be balanced with appropriate pedagogical strategies, e.g. scaffolding, domain-
based task design, and ethical integration in evaluation. In practical terms, this graph emphasizes the
importance of emphasizing the quality of interaction with Al rather than just the duration of use, so that
technology-based learning has a more sustainable impact on the academic achievement of vocational
students.

Table 5. Pearson correlation test

Pearson Correlation Coefficients, N = 50Prob > |r| under HO: Rho=0

Pre_Test Sco @ Post Test Sco = Learning_Ga @ Al_Usage Hou | Perceived Usefulne | Satisfactio

re re in rs SS n
Pre_Test_Score 1.00000 0.97347 -0.19346 0.95785 0.59763 0.59763
<.0001 0.1783 <.0001 <.0001 <.0001
Post_Test_Score 0.97347 1.00000 0.03616 0.96316 0.59408 0.59408
<.0001 0.8032 <.0001 <.0001 <.0001
Learning_Gain -0.19346 0.03616 1.00000 -0.05359 -0.06290 -0.06290
0.1783 0.8032 0.7116 0.6643 0.6643
Al_Usage Hours 0.95785 0.96316 -0.05359 1.00000 0.60243 0.60243
<.0001 <.0001 0.7116 <.0001 <.0001
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Pearson Correlation Coefficients, N = 50Prob > |r| under HO: Rho=0

Pre_Test Sco @ Post Test Sco = Learning_Ga @ Al_Usage Hou | Perceived Usefulne | Satisfactio

re re in rs ss n
Perceived_Usefulne | 0.59763 0.59408 -0.06290 0.60243 1.00000 1.00000
ss <.0001 <.0001 0.6643 <.0001 <.0001
Satisfaction 0.59763 0.59408 -0.06290 0.60243 1.00000 1.00000
<.0001 <.0001 0.6643 <.0001 <.0001

Table 5 The results of the Pearson correlation test provide a deeper understanding of the relationship
between the main variables in this study. It can be seen that Pre-Test and Post-Test scores have a very
strong correlation (r = 0.973; p < 0.001), confirming the consistency of students' basic abilities as a
predictor of final achievement. An equally strong correlation also emerged between Al Usage Hours and
Pre-Test (r = 0.958; p < 0.001) and Post-Test (r = 0.963; p < 0.001), suggesting that students with better
initial understanding tended to use Al more intensively and also obtained higher final scores.

In contrast, the Learning Gain variable showed no significant relationship with Al Usage Hours (r = -
0.054; p = 0.712), Perceived Usefulness (r = -0.063; p = 0.664), or Satisfaction (r = -0.063; p

= 0.664). This means that the increase in relative score (gain) is not automatically influenced by the
duration of Al use or affective perception, but rather depends on the competency baseline. The affective
factors, namely Perceived Usefulness and Satisfaction, showed a perfect correlation (r = 1,000; p <
0.001), which can be interpreted as the consistency of respondents' answers or the possibility of
overlapping measurement instruments. However, both remained significantly positively correlated with
the Post-Test (r = 0.594; p < 0.001). These findings reinforce the argument that perceptions of usability
and satisfaction support academic performance, but are not the dominant factors in explaining learning
gain variations.

Coefficient Progression for Learning Gain (LASSO Regression)

Figure 2. Coefficient Progression Graph for Learning_Gain
Figure 2 Coefficient Progression Graph for Learning_Gain illustrates the dynamics of the contribution of
predictive variables to the improvement of student learning outcomes. The top panel shows the change
in the standardized coefficient, while the bottom panel shows the increase in SBC (Selection Criterion)
value as variables are added in the model. In the early stages (intercept), the basic contribution is relatively
low. The addition of the Al Usage Hours variable slightly increased the SBC, but the coefficient remained
close to zero, indicating that the duration of Al usage was not a major predictor of learning gain.
Furthermore, the inclusion of the Perceived Usefulness variable strengthens the model even though the
contribution of the coefficient is still small and unstable, suggesting that the perception of usability has
no direct effect on the increase in relative achievement. The Satisfaction variable adds to the stability of
the model with a moderate increase in the SBC, but again the coefficient remains low. The biggest change
occurred when the Department factor was included, resulting in a surge of SBCs close to 30. Significant
positive coefficients appeared mainly for the IT and Engineering Departments, while Aviation actually
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showed negative coefficients. This confirms that differences in disciplines are the dominant determinants
in learning gain variation, exceeding the factors of hours of Al use and perception. Overall, this graph
shows that learning gain is more influenced by academic context (major) than individual variables such
as the intensity of Al use or subjective perception. Thus, the strategy for implementing Al in ESP needs
to be adjusted to the characteristics of the discipline so that the results are optimal.

Pit Criterion Adjusted R' by Model Stap Fit Criterion: SBC by Model Step

15age Helex eived_Uief irdaSati<faction 4+ Departrent erce . sge Polusceved Usetuiriesatistact

Fit Criterion: AIC by Model Ster rit Critarion: ANCC by Model Ltep

Figure 3. Fit Criteria for Learning_Gain Chart

Figure 3 The Fit Criteria for Learning_Gain graph shows the evaluation of the feasibility of
regression models with four main indicators: AIC, AICC, SBC, and Adjusted R-Square. Each panel
shows changes in criteria values when variables are gradually added in the model (Al Usage Hours,
Perceived Usefulness, Satisfaction, and Department). The results show that in the early stages
(intercept), the AIC and AICC scores are at their best. The addition of the Al Usage Hours and
Perceived Usefulness variables actually increases AIC/AICC, which indicates that the model is
becoming less efficient. However, when the Department variable was entered, the AIC value
decreased again and the SBC increased significantly, indicating an overall improvement in the model.

From the Adjusted R-Square side, it can be seen that the addition of individual variables does not
explain much of the variation in learning gain. Precisely when the Department variable was included,
the Adjusted R-Square increased sharply, confirming that the department factor is the main
determinant that explains the variation in student learning outcomes. Overall, this graph confirms
that although perception factors and duration of Al use contribute small, contextual variables such
as majors are more dominant in shaping the best model. In other words, the application of Al in ESP
must consider the characteristics of the discipline so that its impact is optimal on increasing learning
gain.

Figure 4. Coefficient Progression Graph for Learning_Gain
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Figure 4 This Coefficient Progression for Learning_Gain graph illustrates how predictive
variables enter the model gradually and their contribution to learning gain achievement. The top
panel shows the direction and strength of the standardized coefficient, while the bottom panel shows
the CV PRESS value as a measure of the model's prediction error. In the early stages (intercept to
the major variable), the contribution of the coefficient is relatively small and stable, indicating that
contextual factors such as Department_IT and Department_Aviation only exert a marginal influence.
However, a big change occurs when Pre_Test Score and especially Post_Test_Score variables are
included.

The Post-Test coefficient increases sharply positively, while the Pre-Test shows a negative
direction. This pattern is logical because learning gain is defined as the difference between post-test
scores and pre-tests; Thus, a higher initial score tends to result in a relatively lower gain, while a high
end score is clearly positively correlated with gain. The bottom panel shows a significant decrease in
CV PRESS scores after the Post-Test variable is added, indicating that the model has become much
more accurate in predicting learning gain. Overall, this graph confirms that cognitive variables (Pre-
and Post-Test) are the main determinants of learning gain, while the major factor plays only a minor
role. This highlights the importance of measuring direct performance-based outcomes rather than
relying solely on contextual or perceptual variables.

Figure 5. Fit Criteria for Learning_Gain

Figure 5 Fit Criteria for Learning_Gain graph provides a comprehensive evaluation of the quality
of regression models based on several criteria: AIC, AICC, SBC, Adjusted R-Square, and CV
PRESS. The AIC and AICC panels show the best value when Post_Test_Score variables are entered.
A sharp drop at this point signifies that the model becomes more efficient and the fit increases
significantly. Similar was seen in SBCs, which were relatively stable in the early stages (major, pre-
test), but declined dramatically after post-test entry, reinforcing evidence that final cognitive
variables were decisive. The Adjusted R-Square panel shows a huge spike when Post-Test is added,
from almost stagnant to close to optimal value. This shows that the model's ability to explain learning
gain variations increases sharply after post-test factors are considered.

Finally, the CV PRESS panel as an indicator of cross-validation dropped dramatically at the post-
test stage. This indicates that the model's prediction error is substantially reduced, making the model
more accurate and reliable. Overall, this graph confirms that although the major and pre-test variables
contribute minor, the Post-Test Score is the dominant variable in forming the best model for
predicting learning gain. Thus, actual learning outcomes are more influential than perception factors
or disciplinary context.

« The Nursing Department excelled in the post-test with an average of 85, supported by the
highest intensity of Al use (21.8 hours).

* Aviation majors tend to lag behind, with low Al usage (13.2 hours) and relatively small
learning gain (23.8).

Based on field experience, students majoring in vocational majors such as Aviation rely more on
direct practice, so Al integration is less than optimal. This shows that the context of the field of study
greatly influences the adoption of technology.
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1.2 Implications of the Findings

The results of the study show that the effectiveness of using Generative Al in learning English for
Specific Purposes (ESP) is greatly influenced by the context of the discipline. The major factor has been
shown to be more dominant in explaining the variation in learning gain compared to the duration of Al
use and student perception. These findings carry some important policy implications. First, vocational
education needs to formulate an Al adoption policy based on disciplinary needs. Majors such as IT and
Nursing that show high learning gain can be used as pilot projects for the development of Al-based
adaptive curriculum. Meanwhile, majors such as Aviation that are relatively lagging behind require
additional interventions in the form of instructor training, domain- based simulation integration, and
contextual learning. Second, the results of the study confirm the need for different resource allocation for
each study program. One-size-fits-all policies are at risk of being less effective. Educational institutions
need to direct investment in digital infrastructure and Al content development according to the
characteristics of the scientific field. Third, national regulations on vocational education should encourage
the use of Al not only in terms of the quantity of use, but also the quality of integration. Thus, Al is not
positioned as a passive aid, but rather as an active pedagogical component that improves learning
outcomes. Finally, the implications of this policy contribute to the digital transformation roadmap of
Indonesia's vocational education, in line with the SDG 4 (Quality Education) and SDG 9 (Industry,
Innovation, and Infrastructure) agendas.

1.3 Comparison with Previous Literature

These findings are consistent with the study of James et al. (2021) which confirmed the effectiveness
of Al-assisted learning in improving test results. However, in contrast to the research of Chen et al. (2022),
which found that usability perception (PU) was the dominant factor, this study shows that the hours of
Al use are more decisive than perception. What was unexpected was the correlation between learning
gain and insignificant satisfaction, even though previous literature reported a positive relationship.

1.4 Limitations and Recommendations for Further Research

The limitations of this study are that the sample size is relatively small (N=50) and the distribution of
Al use is uneven between departments. Further research is needed:

e Using a multi-campus sample with a wider demographic variation.
« Integrate longitudinal study methods to see the long-term impact.
» Testing moderator variables such as self-regulated learning and digital literacy.

4. Conclusion

1. This study shows that the integration of Generative Al in English for Specific Purposes (ESP)
learning provides a significant improvement in the learning outcomes of vocational students across
majors. The main findings confirm that the discipline factor has more influence on learning gain than just
the duration of Al use or students' affective perception. Interestingly, majors such as IT and Nursing
benefited the most, while Aviation showed relatively lower achievements, signaling the need for
contextual interventions. The main contribution of this research is to fill the gap in the literature by
presenting a cross-disciplinary prediction model that combines quantitative data (pre- post test, usage)
and perception variables. Thus, this study not only expands the theoretical understanding of the
effectiveness of Al in ESP, but also provides empirical evidence that can be used as a basis for vocational
education policy. These findings suggest that policymakers need to steer Al adoption strategies
differently per department, rather than with a uniform approach. VVocational education policies should
encourage the use of Al not only in terms of quantity, but also the quality of integration into the
curriculum, so that Al functions as a catalyst for improving learning outcomes. The authors realize that
this study has limitations, especially in the sample size and the unexplored non-cognitive factors such as
intrinsic motivation or the role of the instructor. Therefore, follow-up research needs to expand the scope
of the sample, use longitudinal methods, or combine quantitative analysis with qualitative approaches to
obtain a more holistic picture. Finally, this study paves the way for the digital transformation of vocational
education in Indonesia. These findings suggest that policy makers should design contextual digital
infrastructure regulations and investments in accordance with the scientific field. This study fills a critical
gap in the literature by showing how GenAl can be effectively implemented across disciplines, while
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providing real policy direction towards adaptive, inclusive, and globally competitive vocational
education.
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