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The growing adoption of artificial intelligence (AI) in education has created new 
opportunities to strengthen scientific literacy, yet most AI-supported approaches 
function as instructional tools rather than integrated pedagogical models. This 
study investigated the preliminary effectiveness of Deep-AI, an AI-integrated 
deep learning model designed to enhance Generation Z students’ scientific 
literacy through adaptive learning, scientific inquiry, and reflective learning 
processes. A quasi-experimental pretest–posttest design with replication across 
two cohorts was conducted involving 100 undergraduate students. Both cohorts 
participated in the same Deep-AI learning intervention, and scientific literacy was 
assessed before and after implementation. The findings demonstrated consistent 
improvements in students’ scientific literacy across both cohorts, with moderate 
learning gains and strong educational effects. Students also reported highly 
positive learning experiences, indicating that the model successfully promoted 
engagement, conceptual understanding, and evidence-based reasoning. 
Comparable outcomes between the two cohorts further suggest the consistency 
and robustness of the model across different learning groups. This study 
contributes an AI-integrated instructional framework that positions artificial 
intelligence as a cognitive learning partner, providing a promising pedagogical 
approach for fostering scientific literacy and higher-order thinking in higher 
education within the Smart Society 5.0 era. 
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INTRODUCTION 

The Society 5.0 era is characterized by the integration of digital technology into almost all 
aspects of life, which requires people to have the ability to think critically, creatively, and adaptively 
in facing the complexity of global problems (Wilujeng et al., 2025). Consequently, education must 
respond by fostering scientific literacy and integrating AI-supported learning approaches (Relmasira 
& Donaldson, 2025;Wang et al., 2024). One of the relevant strategies to face this era is the 
implementation of smart education (Dimitrova et al., 2024). Smart education emphasizes the use of 
technology to support an innovative and student-centered learning process (Ma'arif et al., 2025; 
Shakhina et al., 2023). Along with this, the world is currently focused on achieving SDG 4, namely 

 
* Corresponding Author 
   Indrawati Wilujeng, STKIP Al Hikmah Surabaya, INDONESIA  indrawati.physics@gmail.com 

https://www.journal.foundae.com/index.php/oler/index
https://doi.org/10.58524/oler.v6i2.981
https://doi.org/10.58524/oler.v6i2.981
mailto:indrawati.physics@gmail.com


Online Learning in Educational Research 
Wilujeng et al. │ Deep-AI: An AI-Integrated … 

156 | Online Learning in Educational Research 

quality education (McCullough et al., 2022). For this reason, people must have scientific literacy to 
understand, use, and evaluate, not only knowledge but also technology (Istyadji & Sauqina, 2023).   

In the context of the Smart Society era, scientific literacy has become a fundamental 
competency that includes not only understanding concepts but also the ability to evaluate, apply, and 
innovate with scientific knowledge. Scientific literacy is considered a crucial 21st-century skill for 
Generation Z, especially because they will lead the Indonesian nation towards a Golden Indonesia 
2045 (Listiani, 2025; Rafida et al., 2024). In PISA 2006 science, scientific literacy refers to the ability 
to apply scientific knowledge, understand science as inquiry, recognize its role in shaping society, 
and engage with science-related issues as a reflective citizen (Bybee et al., 2009). There are 4 levels 
in scientific literacy with different levels of difficulty, namely nominal, conceptual, functional, and 
multidimensional (Istyadji & Sauqina, 2023; Rahmani et al., 2021). The majority of Generation Z, 
however, only possess indicators with the lowest level of difficulty (Sholahuddin et al., 2021). 

Various international reports, including the Programme for International Student Assessment 
(PISA), increasingly confirm that Indonesia consistently shows low levels of scientific literacy 
(Amaditha et al., 2024; Prasasti & Anas, 2023; Yusmar & Fadilah, 2023). In 2018, Indonesia was 
ranked 70th out of 78 participating countries in scientific literacy (OECD, 2019). Between 2018 and 
2022, scientific literacy scores showed no significant improvement (Lestari et al., 2024). Students at 
universities are expected to possess advanced scientific literacy skills (Berlian et al., 2021). However, 
the scientific literacy of 76,9% of students is still at the lowest level (Muhajir et al., 2021). Syahmani 
et al., (2024) reported similar findings regarding students’ low scientific literacy. According to 
Sumanik et al. (2021), students’ scientific literacy in the knowledge aspect is relatively low. 
Meanwhile, according to Limiansih et al. (2021), the mean scientific literacy of students is low. This 
is quite worrying because individuals with these scientific literacy skills will find difficulties in 
processing scientific information (Yang et al., 2024). This condition emphasizes the need for more 
effective educational interventions that align with the characteristics of contemporary university 
students. In this study, all participants are analytically positioned as Generation Z, referring to 
individuals born between 1997 and 2012 (Jayatissa, 2023), which corresponds to the current cohort 
of higher education students.   

One way to increase scientific literacy is by using the right learning model (Maiyanti et al., 
2025; Nurwati et al., 2024; Saputra & Octavia, 2024). This is in line with the results of the research of 
Jihannita et al (2024), which revealed that classroom learning activities can improve scientific 
literacy skills. However, conventional learning models are considered less interactive and fail to build 
long-term retention (Bitu et al., 2024). Meanwhile, although inquiry-based or discovery learning 
represents a broad family of student-centered approaches, their effectiveness can be influenced by 
contextual factors. For example, limitations in individual adaptability and digital infrastructure have 
been reported as challenges in certain settings (Mrosso et al., 2025). Therefore, a new learning model 
needs to be implemented to improve students' scientific literacy. The Deep-AI learning model was 
chosen to improve Generation Z’s scientific literacy because it combines a deep learning approach 
(deep understanding through critical thinking and contextual application) with AI integration for 
adaptive personalization, instant feedback, and interactive simulations. These features have been 
associated with increased learner engagement, motivation, and improved concept retention, aligning 
with the preferences of Generation Z as digital natives (Deckker & Sumanasekara, 2025; Syukur et 
al., 2023).   

As digital natives, Generation Z closely follows the latest technological developments (Yakubu 
et al., 2025). Currently, especially post-pandemic, AI is a rapidly developing technology. This can be 
utilized to enrich the learning experience and improve the overall quality of learning for Generation 
Z (Chen et al., 2020; Wulansari et al., 2025; Zulfiani et al., 2025). AI in education has an important 
role, including for personalized learning, reliable tutors, chatbots, and automated scoring systems 
that can save time, increase efficiency, and provide consistent feedback (Harry & Sayudin, 2023). AI 
can provide adaptive feedback, create personalized learning, and increase student engagement. 
Today, AI is a technology that plays an important role in improving the learning experience (Alamari, 
2025). AI has great potential in improving scientific literacy through a personal, adaptive, and 
interactive approach (Jannah et al., 2025; Linh, 2025; Rajwaa & Mukti, 2025). Generation Z, who grew 
up with digital technology, needs to expand their interactions with AI, because most future job fields 
are projected to be highly dependent on this technology.  
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Previous research has explored various AI-supported learning approaches, including 
intelligent tutoring systems, adaptive learning environments, AI-assisted inquiry learning, and AI-
supported scientific literacy intervention (Engka et al., 2026). While these approaches demonstrate 
the potential of AI for personalization and feedback, they are typically implemented as tools within 
existing pedagogical frameworks rather than as integrated instructional models (Létourneau et al., 
2025). Therefore, a gap remains in developing a structured learning model that explicitly integrates 
deep learning approaches with AI to enhance scientific literacy. Recent studies suggest that artificial 
intelligence can support personalized learning experiences and adaptive assessment, offering 
opportunities to enhance students’ learning outcomes and engagement (Choiriyah et al., 2025). Thus, 
the purpose of this study is to fill the gap by testing the effectiveness of the application of the Deep-
AI learning model in improving the scientific literacy of Generation Z students. Specifically, this study 
aims to investigate the extent to which the model improves students’ scientific literacy and to assess 
the consistency of these improvements across the experimental and replication classes, thus it can 
be recommended as an innovative alternative in supporting the achievement of scientific literacy and 
21st-century skills. 
 

METHOD 

This study used a quantitative method with a quasi-experimental pretest-posttest design with 
replication across two classes (Nayeri et al., 2023). Two classes were used: the experimental class 
(Class A) and the replication class (Class B) (Fraenkel et al., 2012). Both received the same treatment, 
namely the Deep-AI learning model, and were administered pretest and posttest to examine the 
consistency of the model’s effects. The participants belong to Generation Z, defined as individuals 
born between 1997 and 2012 (Jayatissa, 2023), which aligns with the current cohort of university 
students. The research subjects involved were as many as 100 students from two different study 
programs: Physics Education Study Program (PE) and Primary School Education Study Program 
(PSE). The inclusion of students from different academic backgrounds may have influenced baseline 
scientific literacy levels. Therefore, this study does not assume equivalence between groups but 
instead focuses on within-group improvement and the consistency of patterns across cohorts. 
Scientific literacy was considered relevant to both study programs, as it supports critical reasoning 
in analyzing scientific phenomena and effective science teaching practices. It also aims to test the 
generalizability of the Deep-AI model by replicating the results in diverse educational contexts, 
thereby increasing the reliability and validity of the findings.  

The 100 students enrolled in the 2023 and 2024 cohorts represent both study programs (41 
students from PE and 59 students from PSE). The distribution of gender is 55% female and 45% male 
students. The distribution of participants across classes and study programs was as follows: Class A: 
21 PE students and 20 PSE students, Class B: 20 PE students and 39 PSE students. The study was 
conducted at STKIP Al Hikmah, providing the institutional context of a teacher education institution 
in Indonesia. Most participants had moderate prior experience with AI-supported learning, while 
their prior science achievement was categorized as low. They were selected based on an initial 
scientific literacy assessment adapted from PISA. Those classified in the low category, according to 
predetermined cut-off criteria, were included using purposive sampling. This approach may 
introduce selection bias and limit generalizability. 

The study was conducted in several sequential stages. It began with a preliminary study to 
identify students’ initial scientific literacy level, followed by participant selection using purposive 
sampling. The intervention was implemented using a one-group pretest-posttest design with 
replication across two classes. The Deep-AI learning model was applied over two sessions, each 
lasting 100 minutes, focusing on the topic of electric circuits. Pretest and posttest were administered 
to measure changes in students’ scientific literacy. To ensure implementation fidelity, the learning 
activities were carried out based on structured lesson plans and consistently monitored throughout 
the intervention. The data were subsequently analyzed and interpreted to evaluate the effectiveness 
and consistency of the model, followed by drawing conclusions and formulating recommendations. 
The flowchart of that procedure is shown in Figure 1.  
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Figure 1. Research Procedure 

 
During the preliminary study, reference studies and field studies were conducted. The 

instruments used were lecturer interview sheets and student questionnaires. In the quasi-
experimental stage, the implementation of the Deep-AI learning model was carried out. The Deep-AI 
model books and model learning tools had previously been validated by experts and can be used to 
test their effectiveness (Wilujeng et al., 2025). The Deep-AI learning model was validated by three 
experts using a 4-point Likert scale. The results showed a high level of validity, with a mean score of 
3.69 (very valid) and an Aiken’s V coefficient of approximately 0.90. Inter-rater agreement indicated 
a high level of consistency among the validators. For example, the Deep-AI model development needs 
component received scores of 3.5, 3.5, and 2.5, reflecting strong agreement and validity across raters. 
The syntax of the Deep-AI learning model and the measured level of scientific literacy are shown in 
Table 1.  

 
Table 1. Deep-AI Learning Model’s Syntax and Measurable Level of Scientific Literacy  

Learning 
phase 

Measurable level of 
scientific literacy 

Role of AI 

Activate Nominal 
AI provides diagnostic question prompts and flash quizzes 
to identify students' prior knowledge 

Explore Conceptual 
AI helps provide simulations as well as explanations of 
concepts. 

Interpret Conceptual 
AI analyzes experimental results/simulation data and 
provides feedback on student understanding. 

Create Functional 
AI supports students in designing through guided design 
suggestions and design error checking. 

Share Multidimensional 
AI helps students prepare reports with data visualization, 
graphs, and communication enhancement tools. 

Reflect Multidimensional 
AI provides automatic reflection in the form of an analysis of 
the strengths and weaknesses of student learning outcomes 
and recommendations for follow-up actions. 

 
At this stage, the instruments used included: 1) a scientific literacy skills test sheet (pretest-

posttest), 2) an observation sheet, and 3) a student response questionnaire sheet. The pretest-
posttest instrument consisted of 8 essay items designed to assess varying levels of scientific literacy. 
A scoring rubric with a 4-point scale was developed, with specific descriptors provided for each item. 
Content and construct validity were established through expert judgement. The reliability of the 
instrument was assessed using Cronbach’s alpha (α= 0.729), indicating acceptable internal 
consistency. One multidimensional question, for example, is “How would you design a circuit to ensure 
that if one component fails, the others will still function?” This item is considered multidimensional 
because it requires the integration of conceptual understanding, scientific reasoning, and problem-
solving in a real-world context, along with justification of the proposed solution. In the next stage, 
the students' pretest and posttest results were analyzed. Responses were scored manually using the 
established rubric by two independent raters. To ensure scoring consistency, both raters were 
trained on the rubric before the assessment. In cases of scoring discrepancies, discussions were 
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conducted to reach consensus. Inter-rater reliability was ensured by involving two raters and 
calculated using the Intraclass Correlation Coefficient (ICC) (ICC pretest=0.83, good; ICC posttest= 
0.89, good), demonstrating a high level of agreement. Each student’s pretest-posttest scores were 
analyzed using SPSS software. The results of the analysis were interpreted to draw conclusions and 
provide recommendations based on these results. The effectiveness of the learning model was 
analyzed based on the mean n-gain score, t-test, and student responses. 
 
N-Gain 

N-gain indicates the level of students' scientific literacy improvement (Sutinah & Ristiana, 
2023). Comparing the difference between the pretest and the highest score with the difference 
between the pretest and the posttest yielded the n-gain score. Next, the n-gain score was compared 
using Table 2's criterion. 

 
Table 2. Category of N-Gain (Hasyim et al., 2020) 

N-Gain score N-Gain category 
0.70<N-Gain High 

0.30<N-Gain<0.70 Medium 
N-Gain<0.30 Low 

 
The n-gain was used as one of the criteria to indicate improvement in students’ scientific 

literacy, with a value of ≥ 0.30 (medium category) considered as the minimum threshold. 
 
Statistical Test 

The paired t-test and the independent t-test were the two methods employed. The independent 
t-test was used to determine whether there was a statistically significant difference in the mean gain 
scores between the two classes, and the paired t-test was used to determine whether there was a 
significant increase in students' scientific literacy between pretest and posttest scores (Hasyim et al., 
2020). However, both of the above tests can only be used when the data is distributed normally and 
homogeneous. Therefore, it is necessary to carry out a normality test and a homogeneity test first. 
The normality test will show whether the sample data used is distributed normally or not. It was 
evaluated based on the distribution of the difference scores (posttest - pretest). Meanwhile, the 
homogeneity test shows whether the data used is homogeneous or not.  

The paired t-test is used to ascertain if an effect exists if the data is regularly distributed. 
However, the Wilcoxon test is applied if the data is not regularly distributed. Once an effect is known, 
the next step is to determine its magnitude (effect size). Effect size was calculated using Cohen’s dz 
for paired data, calculated by dividing the standard deviation of the variations in scores by the mean 
difference between the pretest and posttest scores. Next, the outcomes are contrasted with Table 3's 
classifications. 

 

Table 3. Effect Size Category (Hasyim et al., 2024) 

Interval Category 
>1.00 Strong effect 

0.51 – 1.00 Moderate effect 
0.21 – 0.50 Modest effect 

0 – 0.20 Weak effect 
 

To determine whether the effect produced is consistent or not, an independent t-test is 
required. The independent t-test is performed when the data is distributed normally. However, if the 
data is not normally distributed, then the Mann-Whitney test is used.  

 
Student Responses 

Both quantitative and qualitative analyses were performed on the student answer surveys. The 
percentage ratio between the students' total score and the maximum possible combined grade was 
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computed to perform the quantitative analysis. The computation's outcomes were then contrasted 
with Table 4's criteria. 

 
Table 4. Student Response Percentage Criteria 

Percentage (%) Assessment criteria 
81 – 100 Excellent 
61 – 80 Very Good 
41 – 60 Good 
21 – 40 Fair 
0 – 20 Poor 

 
Three complementing criteria were used to assess the model's efficacy: 1) n-gain falls into the 

moderate or higher group; 2) scientific literacy significantly increases at α=0.05 with p<0.05; and 3) 
student answers fall into the good category (Hasyim et al., 2024). These criteria were used 
collectively to provide a comprehensive assessment of the model’s effectiveness. 
 

RESULTS AND DISCUSSION 

The Deep-AI learning model has been proven valid and practical by previous research. To 
evaluate the preliminary effectiveness of the model, it must meet three criteria, namely n-gain, t-test, 
and student response questionnaire. 
 
N-Gain Results 

The N-gain was calculated based on the pretest and posttest scores of the scientific literacy 
skills test sheet. The n-gain results of class A and class B are shown in Table 5. 

 
Table 5. N-Gain of Class A and Class B 

Description 
Class A Class B 

Pretest Posttest Pretest Posttest 
Mean score 14.35 23.73 15.63 24.10 
The mean of N-gain 0.52 0.51 
Category Medium Medium 
Standar Deviation (SD) N-gain 0.16 0.15 
Confidence Interval (CI) N-gain 95% (0.47 – 0.57)  95% (0.48 – 0.55) 

 
Table 5 shows that the mean posttest score was greater than the pretest score, both in class A 

and class B. The mean n-gain for class A was 0.52, while for class B it was 0.51. Both were in the 
medium category. To provide a more detailed analysis, N-gain scores were examined across scientific 
literacy levels (nominal, conceptual, functional, and multidimensional), including standard deviation 
and 95% confidence interval to describe variability and precision. The distribution of scores for each 
indicator is presented in Table 6.  

 

Table 6. N-Gain Scores of each Scientific Literacy Level 

Class Scientific Literacy Levels N-Gain Standard Deviation 95% Confidence Interval 

A 

Nominal 0.60 0.43 (0.47, 0.74) 
Conceptual 0.58 0.23 (0.51, 0.66) 
Functional 0.52 0.19 (0.46, 0.58) 

Multidimensional 0.42 0.18 (0.36, 0.47) 

B 

Nominal  0.66 0.40 (0.55, 0.76) 
Conceptual 0.58 0.26 (0.51, 0.64) 
Functional 0.50 0.20 (0.45, 0.55) 

Multidimensional 0.42 0.16 (0.38, 0.46) 
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Statistical Test Results 
On the other hand, a normality test was carried out using the Shapiro-Wilk test (Anwar et al., 

2024; Gusvianti et al., 2025) and a homogeneity test using the Levene test (Thomann et al., 2024). 
Class A and class B n-gain data were utilized. After the Deep-AI learning model was put into practice, 
this test was utilized to see if science literacy had significantly increased. The results of the 
assumption testing are presented in Table 7. 

 
Table 7. Assumption Testing Results for N-Gain Scores 

Assumption Test Data Statistic Sig. Interpretation 
Shapiro–Wilk Class A N-gain 0.925 0.221 Normally distributed 
Shapiro–Wilk Class B N-gain 0.901 0.124 Normally distributed 
Levene's Test Class A vs Class B N-gain – 0.510 Homogeneous 

 
Before conducting the inferential analysis, assumption testing was performed on the N-gain 

scores. The results are presented in Table 7. The Shapiro–Wilk test indicated that the N-gain scores 
of both Class A (p = 0.221) and Class B (p = 0.124) were normally distributed. Furthermore, Levene’s 
test showed that the variance of the two groups was homogeneous (p = 0.510). Since both normality 
and homogeneity assumptions were satisfied, parametric analyses using paired and independent t-
tests were considered appropriate. The results of these analyses are summarized in Table 8. 

 

Table 8. Summary of Inferential Statistical Analysis 

Analysis Class/Data 
Mean 

Difference 
SD 

Difference 
p-value 

Effect 
Size 

Interpretation 

Paired t-test 

Class A 
(Pretest–
Posttest) 

9.38 3.68 < 0.001 2.55 
Significant 

improvement; 
Strong effect 

Class B 
(Pretest–
Posttest) 

8.47 2.70 < 0.001 3.14 
Significant 

improvement; 
Strong effect 

Independent 
t-test 

Class A vs 
Class B (N-

gain) 
0.01 – 0.840 0.006 

No significant 
difference 

between groups 
 

Note. The independent t-test comparing N-gain scores between Class A and Class B yielded t(98) = 
0.202, p = 0.840, with a 95% confidence interval ranging from -0.06 to 0.07, indicating comparable 
outcomes across groups. 
 

The inferential statistical analysis is summarized in Table 8. The paired t-test results revealed 
significant improvements in scientific literacy scores from pretest to posttest in both Class A and 
Class B (p < 0.001). The corresponding effect sizes were 2.55 and 3.14, respectively, indicating strong 
effects of the Deep-AI learning model. Furthermore, the independent t-test showed no significant 
difference in N-gain scores between the two classes (t(98) = 0.202, p = 0.840), suggesting that the 
model produced consistent outcomes across cohorts. 

 
Student Responses Result 

The third requirement that must be fulfilled relates to student responses. These responses 
refer to students' responses after they had been involved in implementing the Deep-AI learning 
model. These responses can include both advantages and disadvantages of the implementation. 
Response data was obtained from a questionnaire distributed after the lesson. The results of the 
student responses are shown in Figure 2. 
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Figure 2. Student Response Results 

 
Based on Figure 2, students responded to several aspects, including deep learning, the use of 

AI, and scientific literacy skills. The mean score for all three aspects reached 86,7 categorized as 
excellent. This shows that students responded positively to the implementation of the Deep-AI 
learning model.  

 
Discussion 

The implementation of the Deep-AI learning model showed how the six-phase syntax was able 
to increase scientific literacy indicators. In the activate phase, trigger questions such as “What 
differences do you predict between current flow in series and parallel circuits?” successfully elicited 
students’ initial conceptions, including common misconceptions (e.g., the belief that electric current 
is “used up” after passing a resistor). This early elicitation became an important foundation for 
subsequent learning, because the misconceptions identified at the beginning resurfaced throughout 
the learning process and were gradually corrected as students engaged with AI-supported evidence 
(El Fathi et al., 2025). 

In the explore and interpret phases, AI appeared to function as a digital scaffolding tool rather 
than as a source of direct answers, as reflected in the design of the learning activities and students’ 
engagement patterns. Students checked their initial predictions by consulting scientific sources, 
visualizing phenomena, and testing values using interactive simulations and computational tools. 
The combination of AI-powered information retrieval and peer discussion resulted in deeper 
meaning-making; students did not simply replace old ideas with new information, but negotiated 
conceptual change through evidence-based argumentation. This aligns with the perspective that 
scientific understanding develops when learners continuously compare their existing mental models 
with empirical or simulated evidence (Hoffman et al., 2023; Létourneau et al., 2025). 

The create and share phases further strengthened students’ conceptual understanding by 
requiring them to externalize their reasoning through the design of simple circuit simulations and 
pedagogical explanations intended for school-level learners. Producing a circuit model using PhET 
Simulations combined with AI feedback encouraged precision, because students were compelled to 
justify the logic behind each connection rather than rely on procedural trial and error. Sharing their 
work with peers through the learning management system (LMS) also amplified accountability, as 
students were aware that their work would be visible to classmates within a structured and 
instructor-moderated environment. It is an aspect strongly associated with the development of 
scientific literacy and pedagogical readiness (Spasopoulos et al., 2025). 

Finally, the reflect phase contributed to metacognitive development by encouraging students 
to acknowledge the evolution of their understanding. AI helped prompt reflection, not by judging 
learning, but by encouraging students to identify which misconception was corrected, what evidence 
led to the conceptual shift, and what reasoning strategies were most effective. This indicates that AI 
was most productive when positioned as a cognitive partner by supporting thinking processes rather 
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than replacing them. Collectively, the six phases did not merely sequence learning activities but 
shaped a coherent pathway from eliciting prior knowledge to achieving conceptual, pedagogical, and 
metacognitive outcomes in electrical circuits. These findings suggest that the Deep-AI learning model 
has strong potential for teacher education contexts, where mastery of scientific concepts must be 
accompanied by the ability to explain them accurately and meaningfully to future students. 

The purpose of developing this learning model is to improve the scientific literacy of 
Generation Z. Based on the explanation of each phase above, the goal is focused on the explore, 
interpret, and create phases. This is because in these three phases, students explore data, interpret 
scientific information, and produce something science-based as a result of their thought process. 
However, that doesn't mean the other phases aren't important. The activation phase plays an 
important role as a trigger for initial engagement. Meanwhile, the share and reflect phases strengthen 
understanding through communication and evaluation. These findings suggest that AI-facilitated 
exploration, interpretation, and creation processes can provide a more immersive and contextual 
learning experience for Generation Z. 

The Deep-AI learning model is developed from the master framework of the information 
process model, which also serves as the foundation for Problem-Based Learning (PBL) and Project-
Based Learning (PjBL) models. However, the Deep-AI learning model offers novelty by integrating a 
deep learning approach and the explicit use of AI at each phase. The role of AI in the Deep-AI learning 
model lies in its ability as a digital scaffolding that supports higher-order thinking processes. In 
classroom implementation, AI functioned as an intelligent learning assistant that supported students’ 
thinking processes through adaptive prompts and feedback based on their inputs. However, this 
support was limited to interaction-based responses and did not involve direct real-time analysis of 
students’ cognition. Through automated assessment features based on data analytics, AI helps 
students organize scientific information, visualize experimental data, and simulate scientific 
phenomena, allowing them to simultaneously develop critical, analytical, and creative thinking skills. 
Thus, AI is not merely a technical tool but acts as a cognitive partner in the classroom, strengthening 
the formation of deep scientific concepts through personalized learning interactions (Chen et al., 
2020; Hoffman et al., 2023). 

In general, there was a significant improvement in students’ post-test scores after participating 
in the implementation of the Deep-AI learning model. Based on Table 8, the effect sizes were 2.55 for 
Class A and 3.14 for Class B. These values are categorized as very large effect sizes. This may have 
been influenced by the limited scoring scale (1-4), which resulted in low score variability. 
Improvements in scientific literacy were observed across all levels, with a tendency toward higher 
gains at the nominal and conceptual levels based on Table 6. Students generally achieve greater 
progress at these levels because they primarily involve recognizing scientific concepts, recalling 
relevant information, and understanding basic relationships between phenomena (Bybee et al., 
2009; Istyadji & Sauqina, 2023). These skills are more directly supported through instruction, 
discussion, guided activities, and repeated exposure during learning. This conclusion was based on 
posttest results, which indicated a substantial increase in scores at both levels, supported by the 
results of observation of the learning process, which confirmed the active involvement of students in 
problem-solving by utilizing AI. 

Conversely, the multidimensional level showed relatively lower improvement compared to the 
other levels, based on Table 6 (Bybee et al., 2009; Rahmani et al., 2021). This can be due to the 
characteristics of students who mostly do not have sufficient initial scientific literacy, leaving 
relatively high room for improvement from the basic level. In addition, the orientation of Deep-AI 
learning model development, which emphasizes complex problem-solving, need stimulates 
functional and multidimensional skills more than simply mastering terminology. 

Implicitly, this study suggests that the integration of AI into an information process-based 
learning model (Deep-AI learning model) may support improvements in students’ scientific literacy, 
especially at the nominal and conceptual levels. However, these findings should be interpreted within 
the context of the study and do not imply a generalizable effect across broader populations. The 
findings may provide preliminary insights for educators in designing learning environments that 
incorporate AI as a supportive tool for student learning (Alamari, 2025; Chen et al., 2020; Choiriyah 
et al., 2025). Furthermore, these findings may have broader relevance in supporting long-term 
educational goals such as SDG 4, although this study does not directly evaluate such impacts.   
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LIMITATIONS 

This study has several limitations. First, the absence of a control or comparison group limits 
the ability to attribute the observed improvements solely to the intervention. Second, the application 
of the model is still limited to the context of certain science courses and to Generation Z subjects in 
one educational institution, thus generalization of results to other fields or different age groups needs 
to be done carefully. Third, there is AI-access inequality; the use of AI technology is highly dependent 
on the availability of digital infrastructure and the readiness of lecturers who teach, which, of course, 
varies between institutions. Fourth, although AI supports the learning process, the potential testing 
effects, selection bias, and limited internet access can affect the fairness of learning outcomes. Finally, 
novelty effects cannot be ruled out, as students’ initial engagement with an AI-supported learning 
model may have temporarily enhanced their performance. These limitations should be considered 
when interpreting the findings and in designing future studies. 
 

CONCLUSION 

The Deep-AI learning model was found to be effective, as indicated by the mean N-gain score 
of 0,515 in the medium category. The results of the paired t-test showed a significant difference 
between the pretest and posttest scores in both classes. The effect size resulting from the 
implementation of the learning model was 2.55 for class A and 3.14 for class B, with a category of 
strong effect. Meanwhile, the independent t-test confirmed the consistency of improvements in 
scientific literacy skills across both the experimental class and the replication class. In addition, the 
results of the student response questionnaire reached a mean score of 86,7, categorized as excellent. 
The findings suggest that students’ scientific literacy improved after participating in the Deep-AI 
learning model, although the causal claim should be interpreted cautiously due to the absence of a 
conventional control group. Recommendations for further research are to implement the Deep-AI 
model by involving more research subjects from different campuses to further validate the 
consistency of its effectiveness. 
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