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Abstract: Despite the growing interest in artificial intelligence (Al) for science education, little is known about its role within
structured research-based learning (RBL) frameworks that balance technological assistance with developing independent
research competencies. Existing studies often focus on Al as an isolated tool or a single-stage intervention, leaving a gap in
understanding how Al can be systematically embedded across the research process without diminishing students’ cognitive
engagement. This study addresses that gap by implementing the newly developed IFTAR model, which organizes RBL into
five sequential phases—Identification, Find Literature, Determine Methodology, Accommodate/Analyze/Interpret Data, and
Report & Present—with Al selectively integrated into the literature search and data analysis stages. A quasi-experimental,
non-equivalent control group PreTest—PostTest design was conducted with ninety undergraduate physics education students
assigned to one control and two experimental groups. Cognitive outcomes were measured using a validated instrument and
analyzed through classical ANCOVA, rank-based ANCOVA, and robust ANCOVA to account for assumption violations. Across
all analytical approaches, both experimental groups significantly outperformed the control group, with no significant
difference between the experimental conditions. These findings demonstrate that phase-specific Al integration within a
transparent and scaffolded RBL framework can enhance cognitive performance while preserving methodological autonomy,
offering a replicable model for purposeful Al use in STEM higher education.

Keywords: Artificial intelligence, Research-Based learning, IFTAR model, Physics education, Cognitive learning outcomes,
Structured pedagogy

1. Introduction

Artificial intelligence (Al) has increasingly become a central component of higher education, transforming
instructional practices and students’ learning experiences across disciplines, including physics (Bitzenbauer,
2023; Festiyed et al., 2024). In the context of physics education, Al tools have been employed to support tasks
such as literature searching, data analysis, simulation modeling, and the generation of instructional materials,
functions that also align with the role of cognitive scaffolds that can enhance inquiry processes when
appropriately guided (Fadillah, Usmeldi, & Asrizal, 2024; Linn et al., 2015; Sirisathitkul & Jaroonchokanan, 2025).
Recent developments in generative Al, large language models (LLMs), have demonstrated capabilities in
producing coherent and contextually relevant responses, which can aid in scaffolding students’ inquiry and
research-based learning (RBL) (Steinert et al., 2024; West, 2023). However, despite this promise, integration in
formal physics curricula often remains fragmented, with Al applications limited to specific activities rather than
embedded within coherent pedagogical designs (Kotsis & Vakarou, 2025; Leon, Lipuma, & Oviedo-Torres, 2025).
This partial adoption may hinder the potential of Al to foster higher-order thinking, deep conceptual
understanding, and sustained engagement in the learning process (Fadillah, Usmeldi, & Asrizal, 2024).

While Al adoption in education offers significant opportunities, it also presents challenges that require careful
pedagogical consideration. Overreliance on Al-generated content can reduce students’ opportunities for
independent reasoning and critical thinking (Watts et al., 2023; Yik & Dood, 2024). Additionally, Al systems may
provide linguistically fluent outputs but conceptually inaccurate outputs, posing risks to students’ scientific
understanding when used without appropriate guidance (Kortemeyer & Bauer, 2024; Sirnoorkar et al., 2024).
Ethical issues such as plagiarism, data privacy, and bias in Al outputs further complicate integration in academic
settings (Cotton, Cotton, & Shipway, 2024; Khowaja et al., 2024; Siregar et al., 2026). Furthermore, disparities in
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students’ familiarity with Al tools and access to technological resources may lead to unequal learning
experiences and exacerbate educational inequities (Agyare et al., 2025; Fadillah, Usmeldi, & Ravanis, 2025;
Fadillah et al., 2026; Najdawi et al., 2024). These challenges emphasize the need for structured instructional
approaches that balance Al’s benefits with preserving students’ active cognitive engagement. In light of these
complexities, it becomes essential to anchor Al-supported instruction within robust theoretical foundations that
can guide its pedagogical use. Research-based learning (RBL) positions students as active constructors of
knowledge through iterative inquiry cycles (Brew, 2010; Healey, 2005), whereas scaffolding theory and cognitive
apprenticeship emphasize modelling, guided participation, and the gradual release of responsibility to the
learner (Collins, Brown, & Newman, 2018; Linn et al., 2015). From this theoretical perspective, Al can be
conceptualized as a “conditional scaffold”, a support mechanism that is activated selectively at cognitively
demanding stages while ensuring that core reasoning and methodological autonomy remain with the student.

Building on these foundations, the present study investigates the integration of Al into a structured form of RBL
within an undergraduate physics research methodology course. This instructional approach builds upon the
pedagogical foundations of active, inquiry-oriented learning while introducing explicit scaffolding to guide
students through the research process (Brew & Jewell, 2012; Brew & Saunders, 2020; Suyatman et al., 2021).
Within this structure, the IFTAR model is used to organize the research process into sequential, transparent
phases, clarifying where Al support is pedagogically appropriate and where independent reasoning must be
preserved. By comparing cognitive outcomes between Al-supported structured research-based learning, the
same model without Al, and traditional instruction, the study aims to provide empirical insights into how Al can
be meaningfully embedded in physics higher education.

Accordingly, this study aims to examine how phase-specific Al integration within the IFTAR model influences
students’ cognitive learning outcomes, how these outcomes compare with those achieved through the same
structured model without Al, and whether selective Al assistance can enhance learning without reducing
students’ autonomy in carrying out essential research tasks. This objective provides the basis for the following
research questions:

RQ1: Does the integration of Al at selected stages of the IFTAR model improve students’ cognitive learning
outcomes compared to conventional instruction?

RQ2: How do the cognitive outcomes of students experiencing Al-supported structured RBL differ from those
experiencing the same model without Al?

RQ3: To what extent does phase-specific Al integration support cognitive performance while preserving
methodological autonomy?

2. Literature Review

2.1 Artificial Intelligence in Physics Learning

Research on Al in physics education has expanded rapidly, with recent work increasingly focused on how LLMs
such as ChatGPT and GPT-4 shape students’ conceptual understanding and problem-solving performance.
Studies agree that LLMs produce fluent and structured explanations, yet they often contain subtle scientific
inaccuracies or contradictory reasoning (Dahlkemper, Lahme, & Klein, 2023; Gregorcic & Pendrill, 2023). This
tension—high linguistic quality but inconsistent epistemic reliability—recurs across the literature. For example,
while Dao and Le (2023) and Tong et al. (2024) found GPT-4 performing at or above the level of many students
on standard physics questions, Horchani (2025) and Kortemeyer (2023) showed that the same model struggles
with context-rich problems requiring realistic assumptions and modelling. These contradictory findings suggest
that Al performance is highly sensitive to task structure: LLMs excel when patterns are clear and representations
familiar, but fail where domain reasoning must be constructed from physical principles.

Beyond accuracy, several studies examine how Al responses influence students’ reasoning processes. Fadillah,
Usmeldi, & Asrizal (2024) show that clarity, coherence, and conceptual links in Al outputs can support higher-
order thinking in inquiry tasks. Yet these benefits materialize only when students engage critically with the
output rather than accept it unexamined (Fadillah et al., 2025). This aligns with findings by Dahlkemper, Lahme,
& Klein (2023), who report that students trust Al explanations even when errors are present, highlighting the
importance of disciplinary literacy and evaluation skills.

A growing strand of research also raises concerns about bias, access, and academic integrity. Work by Bolukbasi
et al. (2016) and Najdawi et al. (2024) underscores that Al systems can reproduce societal biases or exacerbate
inequities when access to advanced tools is uneven. Similarly, Kortemeyer and Bauer (2024) warn that
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unsupervised Al use may undermine authentic problem-solving efforts. Synthesizing these threads shows that
the central challenge is not merely Al performance but how students and instructors manage Al as both a
cognitive aid and a potential source of distortion. Thus, the literature points to the need for structured
pedagogical frameworks that embed Al deliberately and ethically in physics learning.

2.2 Research-Based Learning and the Need for Structured Models

RBL is widely recognized for fostering deep engagement, authentic inquiry, and transferable research skills
across STEM disciplines (Ward, Clarke, & Horton, 2014; Wessels et al., 2021). In physics, its alignment with
disciplinary epistemic practices makes it particularly valuable, as students learn to design experiments, analyze
data, and communicate results in ways consistent with professional scientific work (Docktor & Mestre, 2014;
Ruf, Ahrenholtz, & Matthé, 2019). Numerous studies demonstrate that participation in RBL enhances students’
analytical reasoning, methodological understanding, and confidence as emerging researchers (Bauer & Bennett,
2003; Lloyd, Shanks, & Lopatto, 2019; Russell, Hancock, & McCullough, 2007). However, this body of work also
reveals important inconsistencies. While RBL is generally praised for promoting autonomy, several empirical
studies show that insufficient structure can overwhelm students, especially in disciplines with high conceptual
and methodological demands like physics (Estuhono, Festiyed, & Bentri, 2019; Redish, 2000; Thiem, Preetz, &
Haberstroh, 2023). Wessels et al. (2021) highlight that the balance between independence and guided support
is crucial: autonomy enhances ownership, but excessive independence before students achieve methodological
readiness can lead to fragmented or superficial inquiry. This nuance is often overlooked in the literature, where
autonomy is sometimes uncritically equated with authenticity.

Another layer of complexity emerges when considering educational levels. Thiem, Preetz, & Haberstroh (2023)
demonstrate that undergraduate students benefit from exposure to the full research cycle for the first time,
while master’s students require deeper engagement with advanced analytical tools. Pourhejazy and Isaksen
(2024) similarly argue that RBL must be adapted to students’ disciplinary trajectories and prior experience. When
taken together, these studies expose a fragmented landscape in which RBL is implemented inconsistently, often
relying on instructors’ interpretations rather than standardized or transparent structures. This highlights a
growing need for RBL models that articulate steps clearly, support disciplinary progression, and maintain
conceptual coherence.

2.3 Artificial Intelligence Within Structured Research-Based Learning Models

As Al becomes more present in higher education, researchers have begun examining how it can support different
stages of RBL. Al tools can assist in literature searching, summarizing scientific texts, analyzing data, and
visualizing results (Bitzenbauer, 2023; Bubeck et al., 2023; Hidayanto, Phusavat, & Kurnia, 2025; Woo, Guo, &
Susanto, 2025). When used strategically, Al functions as a cognitive scaffold that frees students to focus on
higher-order reasoning activities (Kortemeyer, 2023; Li, Huang, & Liu, 2024; West, 2023). However, current
studies often examine isolated stages—such as literature review or data analysis—without considering how Al
contributes across the full research cycle. As a result, the cumulative pedagogical impact of Al within RBL remains
poorly understood.

Existing evidence also reveals contradictions. Some studies show that guided Al use enhances inquiry processes
and improves students’ interpretation of results (Dao et al., 2023; Hidayanto, Phusavat, & Kurnia, 2025). Others
caution that unguided or excessive reliance on Al may distort reasoning or diminish essential cognitive effort
(Gregorcic & Pendrill, 2023; Kortemeyer & Bauer, 2024). These contrasting findings suggest that the
effectiveness of Al in RBL depends heavily on the structure in which it is embedded. Without clear boundaries
and checkpoints, students may bypass core analytical processes or treat Al outputs as authoritative. Ethical
considerations further complicate Al integration. Issues such as academic integrity, data privacy, transparency
of Al-generated content, and algorithmic bias are increasingly emphasized in higher education research (Cotton,
Cotton, & Shipway, 2024; Najdawi et al., 2024). While several studies recommend training and institutional
guidelines, few explicitly connect these ethical tensions to students’ development of epistemic responsibility —
the ability to evaluate evidence, justify methodological decisions, and critique Al outputs. This gap reinforces
the need for structured frameworks that integrate Al not only as a tool but as a catalyst for reflective and
responsible inquiry.

2.4 Gaps in the Literature and Research Contribution

While integrating generative Al tools such as ChatGPT into science education has gained momentum, research
examining their role within structured RBL frameworks remains limited. Studies such as Gregorcic and Pendrill
(2023) have shown how ChatGPT can support conceptual reasoning in physics through Socratic-style dialogue,
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yet also reveal its limitations in delivering nuanced explanations. Similarly, West (2023) and Bubeck et al. (2023)
highlighted GPT-4’s advanced reasoning capabilities, which could be leveraged to scaffold inquiry stages in RBL.
Woo, Guo, & Susanto (2025) further demonstrated the potential of Al-driven feedback to enhance iterative
refinement of student work, aligning well with the formative assessment dimension of RBL. These findings
collectively suggest that Al could strengthen the inquiry process in science education; however, they also
underscore the need for structured and purposeful integration within pedagogical models.

At the same time, existing research on RBL in higher education, particularly within science and engineering, has
consistently demonstrated its benefits in fostering deep engagement, critical thinking, and authentic research
skills (Bauer & Bennett, 2003;Russell, Hancock, & McCullough, 2007; Wessels et al., 2021). The foundational
work of Brew (2010) and Healey (2005) emphasizes that RBL is most effective when students are engaged as
active participants in the construction of knowledge, supported by a clear pedagogical structure. Nonetheless,
the adaptation of RBL to online and Al-enhanced learning contexts remains underexplored. Emerging studies,
such as those by Hosel et al. (2022), Hidayanto, Phusavat, & Kurnia (2025), Li, Huang, & Liu (2024), and Zawacki-
Richter et al. (2019), indicate that Al can facilitate inquiry cycles, data analysis, and collaborative research in
both physical and virtual environments. However, these studies generally focus on isolated stages of research
rather than offering a comprehensive framework for Al integration throughout the process.

Existing RBL models, such as those outlined by Shaban, Abdulwahed, & Younes (2015), Tabuena et al. (2021),
and Susiani, Salimi, & Hidayah (2018), typically present a sequence of research activities, including problem
identification, literature review, methodology selection, data collection, analysis, and dissemination. While
pedagogically valuable, these models often involve overlapping sub-stages, which can be difficult for novice
students to follow. The challenge becomes even more pronounced in Al-integrated environments, where clearly
defined boundaries between stages are essential for ensuring that Al tools are applied appropriately and do not
inadvertently dominate or fragment the learning process. Without such clarity, students risk becoming overly
reliant on Al without understanding the underlying cognitive and methodological steps in conducting research.

In response to these limitations, the present study introduces the IFTAR model, a streamlined adaptation of RBL
designed to consolidate core research activities into five sequential phases: Identification of the problem and
research question, Find Literature, Determine Methodology, Accommodate/Analyze/Interpret Data, and Report
& Present. This reconfiguration draws from established RBL frameworks but intentionally reduces complexity,
making the process more transparent and manageable for students. Importantly, it also provides clear entry
points for integrating Al tools in ways that are aligned with constructivist and inquiry-oriented principles. By
mapping specific Al functions to each IFTAR phase, the model seeks to balance technological support with the
development of students’ independent research competencies. A comparative visualization of traditional RBL
frameworks and the proposed IFTAR model is provided to highlight these differences (see Figure 1).

Traditional RBL IFTAR Model
Pose Question Identification
Review Literature Find Literature

Determine

Refine Question Methodology

Accommodate/

selgckivethorology Analyze/Interpret Data

Collect Data & Analyze Report & Present

Interpret & Present

Figure 1: Comparison between traditional research-based learning and the IFTAR model proposed
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Despite the potential advantages of such a structured approach, there remains a lack of empirical research that
systematically examines how Al can be embedded in each phase of the IFTAR model. This gap is significant
because, without phase-level integration strategies, the use of Al in RBL risks being fragmented, misaligned with
intended learning outcomes, or ethically problematic. Furthermore, unresolved concerns regarding academic
integrity (Cotton, Cotton, & Shipway, 2024; Kortemeyer & Bauer, 2024), algorithmic bias (Bolukbasi et al., 2016),
and governance of Al in education (European Parliament, 2023; Najdawi et al., 2024) have yet to be addressed
comprehensively in the context of student-led research. Therefore, this study aims to fill two critical gaps:
mapping Al applications systematically across the IFTAR model stages and providing comparative insights into
their pedagogical impact across educational levels and disciplinary contexts.

3. Methodology

This methodological design directly operationalizes the research gap and contribution outlined in Section 2.4,
highlighting the lack of studies examining the pedagogical impact of Al integration at specific stages of structured
research-based learning. The study was conducted in a higher education physics learning context, where
integrating Al into structured, research-oriented learning can enhance students’ critical thinking, autonomy, and
conceptual understanding. The instructional model employed is the IFTAR model, representing the stages of
Identification, Find Literature, Determine Methodology, Accommodate/Analyze/Interpret Data, and Report &
Present. Adapted from the broader RBL framework (Shaban, Abdulwahed, & Younes, 2015; Susiani, Salimi, &
Hidayah, 2018; Tabuena et al., 2021), IFTAR offers a more transparent and scaffolded structure, especially suited
for embedding emerging technologies like Al. In this design, Al tools were strategically integrated into two
specific stages, Find Literature and Accommodate/Analyze/Interpret Data, while the remaining stages were
conducted without Al assistance to preserve students’ independent reasoning and methodological autonomy.
This partial integration approach allows a phase-specific analysis of Al's contribution to cognitive learning
outcomes. The conceptual framework of the IFTAR model, including its Al integration points, is illustrated in
Figure 2, showing clearly which stages are Al-assisted and which remain fully non-Al.

. Accommodate/A
P . . Determine Report &
Identification = —  Find Literature — — nalyze/Interpret —
Methodology Present
Data
Non Al-Stage Al-Stage

Figure 2: The IFTAR model stages highlight Al integration points. Blue sections represent stages conducted
without Al assistance (ldentification, Determine Methodology, and Report & Presenting), while red
sections indicate Al-assisted stages (Find Literature and Accommodate/Analyze/Interpret Data)

3.1 Research Design

A quasi-experimental, non-equivalent control group PreTest—PostTest design was employed to evaluate the
effectiveness of the IFTAR model with Al integration. Three intact classes participated in the study, each
consisting of thirty undergraduate students, for a total of ninety participants. One class served as the control
group and received conventional instruction, while the other two served as experimental groups taught using
the IFTAR model with Al integration. All groups completed a PreTest at the beginning of the instructional period
and a PostTest after learning. Figure 3 illustrates the study flow, from identifying participants through applying
different instructional treatments and assessing outcomes via PostTest.

To reduce potential biases associated with non-equivalent intact classes, several control procedures were
implemented. Baseline equivalence was examined by comparing PreTest scores and demographic
characteristics, confirming no significant differences prior to the intervention. All groups were taught by the
same instructor to eliminate variations in teaching style, and scheduling arrangements were structured to
prevent treatment diffusion between groups. Random assignment at the individual level was not feasible due
to institutional scheduling constraints, making intact class assignment the most ecologically valid approach for
this quasi-experimental design.
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Class A: | | PreTest Conventllonal PostTest
Control Teaching
Population: Class B:
Undergraduate — . — PreTest IFTAR+AI PostTest
Experimental 1
Students
Class C: - PreTest —  IFTAR+AIl  —  PostTest

Experimental 2

Figure 3: Research design flow from participant selection to instructional treatments and final assessment
3.2 Participants

The study involved ninety undergraduate students from the Physics Education program, all of whom were
enrolled in the Research Methodology course during the semester of the study. The three intact classes, each
consisting of thirty students, were assigned as follows: the control group (Class A) comprised 18 females and 12
males; Experimental Group 1 (Class B) included 19 females and 11 males; and Experimental Group 2 (Class C)
consisted of 16 females and 14 males. This distribution resulted in fifty-three females and thirty-seven males
across the sample. All participants had prior experience with Al tools, including platforms like ChatGPT, ensuring
a uniform baseline familiarity with Al-supported learning across the sample. Additionally, students were well-
accustomed to technology-enhanced learning environments, regularly engaging with digital platforms for
materials, assignments, and collaboration. This consistency in technological background minimized variability in
digital literacy, allowing differences in cognitive outcomes to be more confidently attributed to the instructional
model implemented. The sample size of ninety participants also meets recommended guidelines for quasi-
experimental designs with ANCOVA analysis. According to Cohen (2016), detecting a medium effect size (f =
0.25) at a power level of 0.80 with three groups requires a minimum sample of 66 participants. Similarly, Bujang
and Baharum (2022) emphasize that a minimum of 20-30 participants per group for ANCOVA with one covariate
is generally sufficient to achieve reliable statistical estimates. The allocation of 30 students per group in the
present study ensures acceptable statistical power and is methodologically justified.

Ethical approval for the study was obtained from the Faculty Research Ethics Committee, and all participants
provided informed consent prior to data collection. Participation was voluntary, and students were informed
that their responses would remain confidential and would not affect course grades. Sampling followed a cluster-
based approach, as students were already organized into intact course sections, which is appropriate for quasi-
experimental designs in real instructional settings.

3.3 Intervention

The twelve-week intervention was implemented following the IFTAR learning model, distinguishing between Al-
supported and traditional approaches. In the Al-supported approach, students can use various Al tools, such as
ChatGPT, to support their process. All participants first completed a PreTest before Week 1. In Week 1, the
control and experimental groups engaged in the Identification stage, defining research topics and formulating
initial research questions. The control group followed instructor guidance and peer discussions, while the
experimental group applied the same process but were informed of upcoming Al integration in later stages.
Weeks 2—-3 focused on the Find Literature stage. The control group performed manual searches using library
databases, textbooks, and existing notes. The experimental groups, in contrast, used Al tools to generate
keywords, locate relevant sources, and organize literature summaries, although final selection was made
independently to maintain critical evaluation skills. In Weeks 4-5, all groups engaged in the Determine
Methodology stage without Al assistance. They designed research procedures collaboratively, guided by
instructor feedback, ensuring that methodological reasoning was entirely student-driven. Weeks 6-8
encompassed the Accommodate / Analyze / Interpret Data stage. The control group processed and interpreted
data manually using a spreadsheet and statistical software, while the experimental groups utilised Al tools to
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organise datasets, run preliminary analyses, and draft interpretations, retaining responsibility for verifying
accuracy and validity. During Weeks 9-11, all groups participated in the Report & Present stage without Al
support, preparing written reports and oral presentations to preserve originality and synthesis skills. Finally, in
Week 12, all participants completed the PostTest to measure learning gains. Figure 4 illustrates this timeline,
clearly marking the two stages where Al was integrated for experimental groups, while the control group
followed traditional, non-Al-supported approaches throughout.

Stage Type
© Aistage @ Non-AlStage @ Test

| PreTest ‘ ‘ Find Literature | ‘ Accommodate / Analyze / Interpret Data |
omenacos @ @ D D > <> O

Identification ‘ Determine Methodology | Report & Present

s @ @ D B > <> 0

Week

Figure 4: Timeline of intervention stages with Al integration
3.4 Cognitive Assessment Instrument

Cognitive learning outcomes were assessed using a test designed to align with the competencies targeted in
each stage of the IFTAR learning model throughout the twelve-week intervention. The instrument was
administered twice, once as a PreTest before the intervention and again as a PostTest upon its completion, to
capture students’ cognitive gains. It consisted of twenty items, comprising fifteen multiple-choice (MC)
questions scored dichotomously (1 = correct, 0 = incorrect) and five open-ended (OE) tasks scored using a 0-5
analytic rubric reflecting accuracy, completeness, and reasoning quality.

The MC items measured factual and conceptual understanding of research methodology and educational
inquiry. For example, one item asked: “A student intends to investigate the effectiveness of simulation-based
learning media. Which of the following should be the first step: developing a student satisfaction questionnaire,
determining the number of respondents, constructing a theoretical framework from relevant literature, or clearly
formulating the research problem?” (correct answer: formulating the research problem). The OE tasks were
designed to elicit higher-order thinking by placing students in authentic scenarios that required them to apply,
analyze, and evaluate information. For instance: “Explain the steps that should be taken to ensure that a research
topic is relevant to the needs of physics education in schools?”

The raw total score (maximum = 40) was transformed to a 0—100 scale to ensure comparability across formats.
The instrument’s content validity was established through an expert review by two specialists in physics
education and research methodology, ensuring alignment with the intended learning outcomes for each stage
of IFTAR. A pilot study involving fifteen respondents produced an internal consistency coefficient (Cronbach’s
alpha) of 0.745, which meets the generally accepted threshold of 0.70 for research purposes. Bujang, Omar, and
Baharum (2018) show that a sample size of fewer than 30 can still provide reliable estimates for a single-
coefficient alpha test when the minimum desired effect size is 0.70. This finding supports the adequacy of the
pilot sample and confirms that the instrument demonstrates an acceptable level of reliability for measuring
students’ cognitive achievement.

3.5 Data Analysis

The data were analyzed using three complementary ANCOVA (analysis of covariance) approaches to ensure the
robustness of the findings. The analysis began with assumption checks for the classical model, including Shapiro—
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Wilk tests for residual normality and Levene’s test for homogeneity of variance; the results indicated that these
assumptions were not fully met (see Section 4.2 for more detail). First, a classical parametric ANCOVA was
conducted in SPSS with PostTest as the dependent variable, PreTest as the covariate, and Group (Control,
Experimental 1, Experimental 2) as the between-subjects factor, following standard procedures outlined by Field
(2024). Second, a rank-based ANCOVA was performed in R to address the observed assumption violations by
transforming the dependent variable into ranks before estimation, reducing sensitivity to distributional shape
while retaining the interpretability of a linear model (Conover & Iman, 1981). Third, a robust ANCOVA in R using
an M-estimator, implemented via the Imrob function in the robustbase package, was applied to down-weight
influential observations and mitigate the effects of heteroscedasticity and outliers (Wilcox, 2011). These three
analytical strategies allowed a thorough evaluation of the treatment effect’s stability across methods with
differing assumptions, ensuring that distributional irregularities or extreme cases did not unduly influence
conclusions.

4. Results
4.1 Descriptive Statistics

Table 1 combines descriptive statistics for PreTest and PosTest so the reader can inspect baseline performance
and outcomes after the intervention. For PreTest, group means were relatively similar: Control M = 52.00 (SE =
0.828, SD = 4.533, 95% Cl [50.31, 53.69]), Experimental 1 M = 56.57 (SE = 2.527, SD = 13.843, 95% CI [51.40,
61.74]), and Experimental 2 M = 51.57 (SE = 2.561, SD = 14.026, 95% Cl [46.33, 56.80]). These baseline values
indicate no extreme initial advantage for any group, although Experimental 1 shows greater variance than the
others. For PosTest, the pattern is more distinct: Control M = 60.60 (SE = 0.961, SD = 5.263, 95% Cl [58.63,
62.57]), Experimental 1 M =81.00 (SE=2.377,SD =13.017, 95% CI [76.14, 85.86]), and Experimental 2 M = 78.77
(SE = 2.573, SD = 14.093, 95% Cl [73.50, 84.03]). The PosTest already points toward notable gains in the
experimental groups relative to the control. Because raw PosTest differences do not account for baseline
variability, ANCOVA (with PreTest as covariate) was applied to estimate adjusted group differences more
accurately (see following subsections and Table 3-6).

Figure 5 presents a gain chart illustrating the mean PreTest and PostTest scores for each group to provide a more
precise depiction of score progression. The lines connecting the points represent the average performance shift
from the baseline to the post-intervention measurement. The control group showed a modest improvement,
whereas both experimental groups displayed a substantial gain, with Experimental 1 exhibiting the largest
increase. This pattern visually reinforces the descriptive statistics in Table 1, suggesting that the intervention
methods implemented in the experimental groups were more effective than conventional instruction. Error bars
in the figure represent 95% confidence intervals, allowing visual inspection of the precision of the mean
estimates.

Table 1: Descriptive statistics for PreTest and PosTest by group

Group N PreTest PreTest PreTest PreTest PosTest | PosTest | PosTest | PosTest
Mean SE SD 95% ClI Mean SE SD 95% CI

Control 30 52.00 0.828 4.533 [50.31, 60.60 0.961 5.263 [58.63,
53.69] 62.57]
Experimental | 30 56.57 2.527 13.843 [51.40, 81.00 2.377 13.017 [76.14,
1 61.74] 85.86]
Experimental | 30 51.57 2.561 14.026 [46.33, 78.77 2.573 14.093 [73.50,
2 56.80] 84.03]

Note. The table shows means, standard errors (SE), standard deviations (SD), and 95% confidence interval (Cl)
as reported in SPSS output.
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Group

Control

Mean Score

=% Experimental 1
Experimental 2

PreTest PostTest
Test Type

Figure 5: PreTest and PostTest mean scores by group
4.2 Assumption Checks

Before interpreting parametric ANCOVA, we evaluated key assumptions. Shapiro—Wilk tests for PosTest show
deviations from normality in each group (Control W = 0.924, p = 0.034; Experimental 1 W = 0.909, p = 0.014;
Experimental 2 W = 0.930, p = 0.048), indicating that residuals are not strictly normal at the group level. In
contrast, PreTest showed no firm evidence of non-normality in SPSS (Control W = 0.971, p = 0.575; Experimental
1 W =0.969, p =0.509; Experimental 2 W = 0.939, p = 0.085), which supports its use as a covariate but does not
remove concern for PosTest distributional shape. Levene’s test for equality of error variances on PosTest was
highly significant (F(2,87) = 18.330, p < 0.001), indicating heterogeneity of variances across groups. These results
(non-normal PosTest distributions and heteroscedasticity) justify supplementing classical ANCOVA with rank-
based and robust procedures to ensure violated assumptions do not drive inference. See Table 2 for the
assumption-test summary.

Table 2: Assumption checks

Test Group / Statistic Value p-value
Shapiro-Wilk (PosTest) Control W 0.924 0.034
Experimental 1 W 0.909 0.014
Experimental 2 W 0.930 0.048

Levene’s test (PosTest) F(2,87) 18.330 < 0.001

4.3 Classical (Parametric) ANCOVA

The parametric ANCOVA (PostTest ~ PreTest + Group) is summarised in Table 3. The corrected model was
significant: F(3, 86) =20.983, p < 0.001, with R?=0.423 (adjusted R?=0.402). The covariate PreTest had a modest
but statistically significant effect on post-test scores, SS = 513.202, F(1,86) = 4.026, p = 0.048, partial n2 = 0.045,
indicating baseline performance explained a small portion of variance in the outcome after controlling for Group.
The main effect of Group was large and highly significant, SS = 7069.107, F(2,86) = 27.726, p < 0.001, partial n?
= 0.392. Estimated marginal (adjusted) means at PreTest = 53.38 were: Control = 60.887 (SE = 2.066),
Experimental 1 = 80.337 (SE = 2.088), and Experimental 2 = 79.143 (SE = 2.070). Bonferroni-corrected pairwise
comparisons showed both experimental groups significantly exceeded the control (Experimental 1 - Control =
19.450, SE = 2.953, p < 0.001; Experimental 2 - Control = 18.257, SE = 2.916, p < 0.001), while the difference
between Experimental 1 and Experimental 2 was not significant (mean diff = 1.193, SE = 2.961, p = 1.000). In
short, the parametric ANCOVA—despite assumption concerns—shows a robust and large group effect favoring
the two instructional interventions.

In addition, Figure 6 visualises the adjusted PostTest means derived from the ANCOVA model, which controls
for differences in PreTest scores. The black dots represent the adjusted means, and the blue shaded bars indicate
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the 95% confidence intervals. Red arrows between groups illustrate the direction of mean differences: an arrow
pointing from one group to another indicates that the latter group has a higher adjusted mean score. In this
study, arrows point from the Control group toward both Experimental 1 and Experimental 2, confirming that
both experimental groups outperformed the control. Arrows are bidirectional between the two experimental
groups, reflecting their nearly identical adjusted means and a nonsignificant statistical difference. This figure
complements the numerical ANCOVA results, providing an intuitive visual confirmation of the intervention’s
positive effect.

Table 3: Classical ANCOVA

Source SS df MS F p-value | partial n?
Corrected Model 8024.957 3 2674.986 20.983 | <0.001 0.423
PreTest 513.202 1 513.202 4.026 0.048 0.045
Group 7069.107 2 3534.554 27.726 <0.001 0.392
Error 10963.365 86 127.481

Adjusted Means (PreTest = 53.38)

Group Mean SE
Control (1) 60.887 | 2.066
Experimental 1 (2) 80.337 | 2.088
Experimental 2 (3) 79.143 | 2.070
Pairwise comparisons (Bonferroni)
Comparison Mean SE p-value
Difference
Experimental 1 = Control 19.450 | 2.953 < 0.001
Experimental 2 - Control 18.257 | 2.916 <0.001
Experimental 1 - Experimental 2 1.193 | 2.961 1.000

Note. SS (Sum of Squares), df (degrees of freedom), MS (Mean Square), SE (standard error), F is the significance
test statistic, and partial n? (partial eta squared) is the effect size that shows the proportion of explained
variance.

Experimental 2 —————

Experimental 1 —

Adjusted mean PostTest score

Control -~

60 65 70 75 80 85
emmean

Figure 6: Adjusted PostTest means (ANCOVA)
4.4 Rank-Based ANCOVA

Because of the distributional violations observed above, we fitted a rank-based ANCOVA (rfit) in R, which
operates on ranks and reduces sensitivity to non-normal shapes. The rank ANCOVA confirmed the presence of
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a covariate effect: PreTest estimate = 0.2459 (SE = 0.1142), t = 2.1535, p = 0.034. Group contrasts were large
and highly significant: Experimental 1 estimate = 20.1303 (SE = 3.2530), t = 6.1882, p < 0.001; Experimental 2
estimate = 19.0744 (SE = 3.2113), t = 5.9397, p < 0.001. The model’s robust R? = 0.359 and the reduction-in-
dispersion test (statistic = 16.03, p < 0.001) further indicate a consistent treatment effect that persists when
analysis is performed on ranks. This result implies that the group differences are not driven solely by extreme
values or skewness in the distributions—the ordering of scores across groups still favors the experimental
conditions strongly. See Table 4 for the rank-ANCOVA coefficients.

Table 4: Rank ANCOVA

Predictor Estimate SE t-value p-value
(Intercept) 48.6664 6.4252 7.5743 < 0.001
PreTest 0.2459 0.1142 2.1535 0.034
Group: Experimental 1 20.1303 3.2530 6.1882 <0.001
Group: Experimental 2 19.0744 3.2113 5.9397 < 0.001

4.5 Robust ANCOVA

An M-estimator-based robust ANCOVA (Imrob) was fitted to further protect inference from outliers and
heteroscedasticity. The robust model again indicates strong group effects: Experimental 1 estimate = 19.4791
(SE =3.0165), t =6.457, p < 0.001; Experimental 2 estimate = 18.5714 (SE = 3.6466), t = 5.093, p < 0.001. Unlike
the parametric and rank results, the covariate PreTest was not statistically significant in the robust fit (estimate
=0.25520, SE = 0.1824, t = 1.399, p = 0.165), suggesting that a few influential observations may have influenced
the small covariate effect seen earlier. The robust model reports Multiple R? 0.436 (adjusted = 0.417) and a
robust residual standard error = of 10.34; robustness weights show that most observations received near-full
weight while some were down-weighted (min weight = 0.533). The robust analysis supports the conclusion that
the treatment effect is not an artifact of outliers and remains substantively important. See Table 5 for robust
estimates.

Table 5: Robust ANCOVA

Predictor Estimate SE t-value p-value
(Intercept) 47.3843 9.5879 4.942 < 0.001
PreTest 0.25520 0.1824 1.399 0.165
Group: Experimental 1 19.4791 3.0165 6.457 < 0.001
Group: Experimental 2 18.5714 3.6466 5.093 < 0.001

4.6 Comparative Interpretation

Table 6 summarises the key conclusions across analytical approaches: parametric ANCOVA, rank-based ANCOVA,
and robust ANCOVA. Across all three methods, the central finding is consistent: both Experimental 1 and
Experimental 2 produced substantially higher post-test scores than the Control group, and the difference
between Experimental 1 and Experimental 2 was negligible and not statistically significant. The main divergence
concerns the role of the covariate PreTest: it was statistically significant in the classical parametric ANCOVA (p =
0.048) and in the rank ANCOVA (p = 0.034), but non-significant in the robust ANCOVA (p = 0.165). This pattern
suggests that while baseline performance contributes to variance in some analytic frames, its effect is sensitive
to a small number of influential observations or heteroscedastic errors; nonetheless, the group (treatment)
effect is robust to these modeling choices. In substantive terms, we can be confident that the instructional
interventions led to meaningful learning gains relative to conventional instruction, and that this conclusion holds
under multiple estimation strategies that address different assumption concerns.

Table 6: Brief summary of analysis results

Analysis Is PreTest significant? Are groups significant? Pattern
Parametric ANCOVA | Yes (p = 0.048) Yes (p < 0.001) E1 > Control; E2 > Control; E1 = E2
Rank ANCOVA Yes (p = 0.034) Yes (p <0.001) E1 > Control; E2 > Control; E1 = E2
Robust ANCOVA No (p = 0.165) Yes (p <0.001) E1 > Control; E2 > Control; E1 = E2
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5. Discussion

The present study set out to examine the pedagogical impact of integrating Al into a structured RBL framework,
specifically the newly proposed IFTAR model, within an undergraduate physics research methodology course.
The major finding is that both experimental groups, which adopted the IFTAR model with Al integration at two
critical stages, literature searching and data analysis, achieved significantly higher post-test scores than the
control group that received conventional instruction. This improvement was consistent across three
complementary analytical approaches, classical ANCOVA, rank-based ANCOVA, and robust ANCOVA, thereby
strengthening the robustness of the conclusions despite deviations from statistical assumptions. Notably, no
statistically significant difference emerged between the two experimental groups, suggesting that the benefits
of the Al integration were stable and did not depend on additional variations within the experimental treatment.

These findings underscore the importance of targeted Al integration within a well-defined pedagogical structure.
Rather than allowing Al tools to permeate all aspects of the research process indiscriminately, the selective
embedding of Al into specific phases of the IFTAR model appears to strike an effective balance between
technological support and the preservation of students’ independent cognitive engagement. It aligns with earlier
research by Hidayanto, Phusavat, & Kurnia (2025) and West (2023), which suggested that Al is most beneficial
when purposefully positioned within scaffolded learning activities rather than as a wholesale replacement for
human reasoning. The current results extend these insights by providing empirical evidence at the whole-course
level in physics education, demonstrating that even partial Al integration, when coupled with a transparent and
sequential research framework, can yield substantial cognitive gains.

Beyond these empirical patterns, the findings also illuminate the underlying mechanisms through which Al
supports learning within the IFTAR framework. Theoretically, the results are consistent with the principle of
“augmented cognition,” wherein technology amplifies, rather than replaces, human reasoning by reducing
extraneous cognitive load during complex research tasks (Li, Huang, & Liu, 2024; Sweller, 2020). By embedding
Al only at analytically intensive phases, the IFTAR model appears to operationalize a distributed cognition system
(Hollan, Hutchins, & Kirsh, 2000), in which computational tools handle low-level processing while students retain
responsibility for conceptual interpretation and methodological decisions. This alignment between technological
affordances and cognitive task structure may explain why the experimental groups achieved higher-order gains
without evidence of overreliance—a concern highlighted in prior studies (Gregorcic & Pendrill, 2023; Kortemeyer
& Bauer, 2024). Conceptually, this positions the IFTAR model not merely as a procedural scaffold but as an
advancement of existing RBL frameworks by providing a theory-based rationale for when and why Al should be
integrated within inquiry cycles.

When viewed alongside previous studies, the outcomes of this research suggest both convergence and
advancement. Similar to the work of Fadillah, Usmeldi, & Asrizal (2024) and Steinert et al. (2024), the integration
of generative Al facilitated higher-order thinking skills, particularly in tasks requiring the synthesis of literature
and the interpretation of complex datasets. However, whereas prior studies often examined Al as a single-stage
intervention or as an auxiliary tool in isolated assignments, this study incorporated Al into a coherent
pedagogical flow. Moreover, the structured nature of the IFTAR model mitigated common pitfalls identified in
earlier evaluations, such as cognitive overload in open-ended inquiry tasks (Wessels et al., 2021) and
overreliance on Al outputs without critical verification (Gregorcic & Pendrill, 2023). It provides a model for
translating Al’s potential into sustained learning gains, avoiding the fragmented adoption that has been criticized
in the literature (Kotsis & Vakarou, 2025).

Although the results are encouraging, alternative explanations warrant consideration. The observed gains were
partially influenced by novelty effects, wherein the introduction of Al tools generated heightened engagement
independent of their cognitive utility. Students in the experimental groups might also have benefited from
increased collaborative interactions during Al-assisted tasks, which could have contributed to learning gains
irrespective of the Al’s direct outputs. Furthermore, the instructor’s role in guiding the Al-supported phases may
have provided additional scaffolding that is not fully replicable in purely student-led contexts. While these
factors do not diminish the observed group differences, they suggest that the benefits of Al integration may be
intertwined with broader motivational and social dynamics in the classroom.

From a practical perspective, the findings hold several implications for educational design in physics and other
STEM disciplines. The phase-specific Al integration demonstrated here offers a replicable model for institutions
seeking to incorporate emerging technologies without undermining core disciplinary skills. In teacher education
contexts, where graduates must both conduct and supervise research, structured Al-assisted RBL could prepare
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future educators to leverage technology responsibly while fostering critical thinking among their students.
Beyond physics, the model could be adapted for other domains that require literature synthesis, methodological
rigor, and data interpretation, making it relevant for interdisciplinary and professional training programs.

Taken together, these findings highlight the study’s contribution to advancing both the theory and practice of
Al-supported inquiry learning. Conceptually, the IFTAR model provides a refinement of existing RBL frameworks
(Brew & Jewell, 2012; Wessels et al., 2021) by articulating clearer phase boundaries and aligning them with
specific cognitive functions where Al can serve as an epistemic partner rather than a procedural shortcut.
Practically, the model offers a replicable structure for educators seeking to integrate Al responsibly without
diminishing students’ agency, addressing a gap frequently noted in the literature on fragmented or unguided Al
adoption in higher education (Leon, Lipuma, & Oviedo-Torres, 2025; Zawacki-Richter et al., 2019). This dual
contribution—conceptual clarification and practical design—demonstrates how Al-enhanced RBL can be
systematically structured to maximize learning while preserving methodological autonomy.

Nevertheless, certain limitations must be acknowledged. The study was conducted within a single institution
and involved a relatively homogenous sample of physics education undergraduates, which may limit the
generalizability of the findings to other disciplines, educational levels, or cultural contexts. Although the sample
size was adequate for the statistical analyses employed, larger-scale replications would allow for more nuanced
subgroup analyses, such as gender differences or prior research experience. In addition, while cognitive learning
outcomes were the primary focus, other dimensions such as long-term retention, metacognitive development,
and attitudes toward Al-assisted learning were not measured, leaving important questions for future
exploration.

Future research could build on these findings by examining the longitudinal effects of structured Al-supported
RBL, particularly whether short-term cognitive gains evolve into sustained research competence and
metacognitive growth over time (Linn et al., 2015; Thiem, Preetz, & Haberstroh, 2023). Such investigations would
also clarify whether the phase-specific integration strategy proposed in the IFTAR model produces durable
learning trajectories distinct from conventional Al-enhanced instruction. Comparative studies across disciplines
and educational settings could test the adaptability of the IFTAR framework, while experimental variations could
examine the optimal number and type of Al-assisted phases. Furthermore, qualitative investigations could
provide richer insights into students’ perceptions, strategies for validating Al outputs, and the socio-emotional
aspects of engaging with Al in collaborative research environments. Such work would contribute to refining not
only the pedagogical model but also the broader discourse on ethical, equitable, and effective Al integration in
higher education.

6. Conclusion

This study demonstrates that artificial intelligence's strategic, phase-specific integration into a structured RBL
framework, operationalized through the IFTAR model, can substantially improve students' cognitive outcomes
while preserving essential research skills. By limiting Al assistance to the literature search and data analysis
stages, the approach ensured that students benefited from technological efficiency without diminishing
opportunities for independent reasoning and methodological decision-making. The consistent superiority of the
experimental groups over the control group across multiple analytical approaches confirms that this balance
between human agency and Al support is achievable and pedagogically effective. These findings highlight a clear
direction for practice: for educators and curriculum designers, the key implication is that Al can be a powerful
enabler in inquiry-driven learning when embedded purposefully within a transparent, scaffolded process.
Unrestricted use risks replacing rather than enhancing student thinking, whereas deliberate, well-timed support
can deepen understanding, foster autonomy, and prepare learners for the realities of research in Al-rich
academic and professional environments. Future studies should explore how this model adapts to different
disciplines, cultural contexts, and long-term learning trajectories, ensuring that Al integration functions as a
catalyst for—not a substitute for—critical and creative inquiry.
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