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Abstract 
While the proliferation of Generative Artificial Intelligence (GenAI) offers transformative 

potential in higher education, its specific impact on critical thinking when integrated into 

structured pedagogical frameworks remains underexplored. This study investigates the 

integration of GenAI as a cognitive scaffold within a Problem-Based Learning (PBL) 

framework and its effect on the critical thinking skills of undergraduate students in an 

Introductory Physics course. Employing a quantitative quasi-experimental approach with a 

nonequivalent pretest-posttest control group design, the research involved 38 Science 

Education students. Participants were divided into an experimental group utilizing GenAI-

assisted PBL and a control group receiving conventional instruction. Data were collected 

using 15 essay items assessing critical thinking based on Ennis’s taxonomy and analyzed 

via ANOVA and Normalized Gain (N-Gain). Results revealed a statistically significant 

difference (F=100.07; p<0.001), with the experimental group achieving a "Medium" gain 

(N-Gain = 0.477) compared to the control group's "Low" gain (N-Gain = 0.189). These 

findings address a critical gap by demonstrating that when GenAI is explicitly paired with 

the evaluative demands of PBL, it functions effectively as intelligent scaffolding rather than 

causing cognitive offloading, underscoring the necessity of embedding AI literacy into the 

modern science curriculum. 

Juniartina, P. P., Marlinda, N. L. P. M., Riawan, I. M. O., & Gunawan, K. D. H. (2026). Investigating the influence of generative ai integration 

within Problem Based Learning on students’ critical thinking in introductory physics courses. Momentum: Physics Education Journal, 10(1), 

37-46. https://doi.org/10.21067/mpej.v10i1.13647 

1. Introduction 
The contemporary global higher education landscape is experiencing a seismic disruption, 

catalyzed by rapid advancements in Generative Artificial Intelligence (GenAI). Technologies powered 
by Large Language Models (LLMs) such as OpenAI's ChatGPT, Google's Gemini, and recent 
innovations like DeepSeek have fundamentally altered the paradigms of information access, 
synthesis, and production (Kasneci et al., 2023a). In the academic ecosystem, GenAI has transcended 
its role as a passive tool for information retrieval, evolving into an external cognitive entity capable 
of performing logical reasoning, solving complex mathematical problems, and writing programming 
code (Helal et al., 2025). This phenomenon presents unprecedented challenges and opportunities for 
science educators, particularly within Introductory Physics, a discipline requiring analytical rigor 
and profound conceptual understanding (Nemalynne et al., 2023).  

Introductory Physics, Basic Physics, functioning as a gateway course for science and engineering 
majors, has traditionally acted as a rigorous academic filter (Şengu l, 2023). Students typically 
struggle not with the rote memorization of formulas, but with the capacity to bridge abstract 
concepts with tangible physical phenomena and apply these principles to novel problem-solving 
scenarios key facets of critical thinking (Alarbi et al., 2024).  Conventional instructional methods 
frequently fail to bridge this cognitive gap due to the limitations on lecturers' ability to provide 
personalized feedback (Bogdanova & Snoeck, 2019).  In this context, GenAI offers transformative 
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potential as a "virtual tutor," delivering personalized explanations and real-time instructional 
scaffolding (Younis, 2025). Nevertheless, the integration of GenAI into physics education is not 
devoid of controversy. A primary concern in current academic discourse is the risk of cognitive 
offloading (Gerlich, 2025a). where an over-reliance on machine reasoning could erode students' 
intrinsic critical thinking capabilities. 

The evolution of literature on GenAI in science education from 2020 to 2025 reveals a trajectory 
from skepticism to constructive pedagogical exploration. While early studies focused on plagiarism 
and factual inaccuracies (Khan & Saunderson, 2024). Research published in 2024 and 2025 has 
begun to characterize GenAI as a co-learning agent (Alfarwan, 2025). For example, Mahligawati et al. 
(2023) demonstrated that physics curricula integrating AI-assisted experimental data analysis 
significantly aided students in addressing complex problems.  Similarly, Kotsis (2025) compared 
ChatGPT and DeepSeek, concluding that the synergy between ChatGPT's interactivity and DeepSeek's 
reasoning depth creates a highly adaptive science learning environment. Given GenAI's susceptibility 
to "hallucinations" generating plausible but erroneous information the ability to verify, critique, and 
evaluate AI outputs has emerged as a new manifestation of critical thinking (Jho, 2024). This study 
adopts Ennis's taxonomy for the operational definition of critical thinking, encompassing the skills of 
problem formulation, argumentation, deduction, induction, and evaluation (Worthington, 2019).  

The Problem Based Learning (PBL) model was selected as the instructional framework due to 
its high compatibility with critical thinking development (Harahap et al., 2025). Research by  Ayu et 
al (2024) and other systematic reviews confirm PBL as an effective strategy for enhancing physics 
conceptual understanding; the integration of AI is hypothesized to amplify these effects. Despite the 
growing body of literature acknowledging GenAI as a co-learning agent, a significant research gap 
remains regarding how to operationalize this technology within specific active learning 
environments to prevent cognitive offloading. Previous studies have primarily focused on 
unstructured AI usage, leaving its potential as a systematic pedagogical tool underexplored. This 
study addresses this gap by synthesizing GenAI with the Problem-Based Learning (PBL) framework. 
The relationship between PBL and GenAI is highly complementary: while GenAI serves as an 
immediate, on-demand cognitive scaffold to retrieve data and clarify basic concepts, the inherently 
ill-structured problems in PBL compel students to critically evaluate, cross-reference, and synthesize 
the AI's output. Therefore, the PBL framework transforms the student's role from a passive consumer 
of AI-generated answers into an active validator. Consequently, this study aims to investigate. 
Consequently, this study aims to investigate the impact of Generative AI usage on the critical thinking 
skills of undergraduate students in the Science Education at Universitas Pendidikan Ganesha 
(UNDIKSHA) in the Introductory Physics course. Specifically, it seeks to determine whether 
structured, pedagogically grounded GenAI integration (within a PBL framework) produces superior 
critical thinking outcomes compared to conventional instruction. 

2. Method 
Conducted at the Undergraduate Science Education Program of Universitas Pendidikan 

Ganesha, this study utilized a quantitative approach based on a quasi-experimental method. The 
specific framework applied was the nonequivalent pretest-posttest control group design, as depicted 
in Figure 1. 

 
Figure 1. Non-Equivalent Pretest Posttest Control Group Design Experimental Design 

Description: 
E1 = Experimental group, students followed the problem-based learning model with Generative AI 
K  = Control class, students follow the conventional learning model 
X1 = Treatment with a problem-based learning model with Generative AI 
X2 = Treatment with conventional learning models 
O1 = pre-test  
O2 = post test 
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Given that the entire population was included in the study, a total sampling (census) technique 
was utilized. The sample comprised 38 undergraduate students from the Science Education program 
at Undiksha, distributed into two distinct groups: an experimental class and a control class. Data 
regarding critical thinking skills were collected using an assessment instrument consisting of 15 
essay items. To establish the instrument's rigor, it was subjected to a content validity evaluation by 
two experts in Physics. The specific indicators for critical thinking skills are outlined in Table 1.  

Table 1. Indicators for Critical Thinking Skills 
No Indicators for critical 

thinking skills 
Competency Description 

1 Formulating the Problem Formulate questions that provide direction to obtain answers; identify the core of the 
physics problem. 

2 Providing Arguments Provide appropriate reasons; show differences and similarities; construct a complete 
logical argument. 

3 Making Deductions Deducing logical consequences from general principles (e.g., Newton's Laws); 
interpreting logical conditions. 

4 Performing Induction Conducting investigations/data collection; drawing general conclusions/hypotheses 
from specific data; providing logical assumptions. 

5 Conducting an 
Evaluation 

Assess the credibility of statements or solutions based on facts, principles, or 
guidelines; offer alternative solutions. 

6 Decide and implement Selecting the best solution from various possibilities and determining the execution 
strategy. 

(Ennis, 1985) 

 

Critical thinking proficiency was assessed using the normalized gain (N-Gain), which represents 
the normalized differential between pretest and posttest scores. This metric was subsequently 
utilized in hypothesis testing via Analysis of Variance (ANOVA). The N-Gain metric is advantageous 
as it allows for the distinct characterization of each unit of analysis, differentiating performance even 
when raw score differences appear identical. N-Gain values range from -1 to 1; a positive value 
reflects an improvement in learning outcomes post-instruction, while a negative value indicates a 
decline. The calculation for the N-Gain score is defined in Equation 1. 

NGain = 
𝑆𝑐𝑜𝑟𝑒 𝑝𝑜𝑠𝑡𝑡𝑒𝑠𝑡−𝑆𝑐𝑜𝑟𝑒 𝑝𝑟𝑒𝑡𝑒𝑠𝑡

𝑆𝑐𝑜𝑟𝑒 𝐼𝑑𝑒𝑎𝑙− 𝑆𝑐𝑜𝑟𝑒 𝑝𝑟𝑒𝑡𝑒𝑠𝑡
       (1) 

To see the category of the magnitude of the increase in the N-Gain score, you can refer to the 
normalized Gain criteria in Table 2. 

Table 2. Normalized Gain Criteria 
No N-Gain Value Interpretation 
1 0.70 ≤ g ≤ 1.00  High 
2 0.30 ≤ g < 0.70  Medium  
3 0.00 < g < 0.30  Low 
4 g = 0,00  There was no increase 
5 -1.00 ≤ g < 0.00  There was a decline 

(Hake, 1998) 

 

The criterion for statistical significance was established by comparing the calculated F-value 
against the tabular F-value at a 5% significance level. All computational analyses were facilitated by 
SPSS for Windows. Before proceeding with hypothesis testing, the data underwent prerequisite 
assumption testing to ensure its suitability for ANOVA. 

3. Results and Discussion 

3.1. Results Study 
Empirical data derived from 38 participants underscored distinct differences in the learning 

trajectories of the experimental and control groups. Descriptive analysis of the raw scores offered 
initial insights into the intervention's efficacy. Pre-intervention assessments indicated that both 
groups possessed homogeneous baseline capabilities, thereby mitigating concerns regarding 
selection bias. Conversely, a pronounced divergence in final achievements was observed upon the 
conclusion of the intervention. Table 3 summarizes the descriptive statistics for critical thinking 
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scores. Notably, the experimental group utilizing GenAI as a co-learning agent exhibited a substantial 
enhancement in posttest scores relative to the control group. Next, comparison of average pretest 
and posttest scores can be seen in Figure 2. 

Table 3. Comparison of Average Pretest and Posttest Scores 
Group Number of Samples 

(N) 
Average pre-test 
Score 

Average Post-test 
Score 

Difference (Gross Gain) 

Experiment (GenAI) 19 48.37 72.68 +24.31 
Control (Conventional) 19 48.00 57.74 +9.74 

 

 
Figure 2. Comparison of Average Pretest and Posttest Scores 

As illustrated in Table 3 and visually represented in Figure 2, both groups demonstrated 
homogeneous baseline capabilities during the pretest. However, a pronounced divergence is evident 
in the posttest results, visually highlighting the significant efficacy of the GenAI intervention 
compared to conventional instruction. These findings suggest a strong initial indication of the 
intervention's efficacy. 

To ensure a more rigorous evaluation of instructional efficacy, Normalized Gain (N-Gain) scores 
were computed for each participant. As shown in Table 4, the N-Gain analysis was employed to 
mitigate the ceiling effect and establish a standardized metric of academic growth. Collectively, these 
data demonstrate the intervention's impact relative to the maximum potential gain available to each 
student.  

Table 4. N-Gain Score Analysis and Categorization 
Group Average N-Gain Standard Deviation Category (Hake) 
Experiment (GenAI) 0.477 0.108 Medium 
Control (Conventional) 0.189 0.064 Low 

 

The data presented in Table 4 reinforces the preceding descriptive findings. The experimental 
group successfully attained the 'Medium' gain category (0.477) a noteworthy accomplishment within 
the demanding context of physics instruction. Conversely, the control group was confined to the 
'Low' category (0.189). It is crucial to observe that the standard deviation for the experimental group 
(0.108) exceeded that of the control group (0.064), indicating a higher degree of heterogeneity in the 
impact of AI adoption. While some students likely maximized AI as instructional scaffolding 
(approaching an N-Gain of 0.7), others may have encountered challenges in integrating the 
technology; this phenomenon will be elaborated upon in the Discussion section.  

3.2. Hypothesis Testing Results  
Before proceeding to hypothesis testing, the suitability of the data for testing with ANOVA is 

verified through prerequisite tests: 
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3.2.1. Normality Testing Results  
The normality test was used to check whether the N-Gain data from each group was normally 

distributed. The normality assumption was met if the p-value was greater than 0.05. Normality 
testing results can be seen in Table 5. 

Table 5. Normality Testing Results 
Group N Statistic Kolmogorov Smirnov Sig. (P) 
Experiment  19 0.9617 0.6058 
Control 19 0.9796 0.9375 

 

Based on Table 5, the p-value for both groups (0.6058 and 0.9375) are greater than 0.05, so it 
can be concluded that the N-Gain data in both groups are normally distributed. 

3.2.2. Homogeneity Testing Results  
This test is conducted to determine whether the variance (diversity) of the two groups is the 

same or homogeneous. The assumption of homogeneity is met if the p-value is greater than 0.05. 
Homogeneity testing results can be seen in Table 6. 

Table 6. Homogeneity Testing Results 
Variable  Levene Statistic df1 df2 Sig (p) 
N-Gain Based On Mean 0.6376 1 36 0.4298 

Based On Median 0.831 1 36 0.364 
Based On Median and with adjusted df 0.831 1 36 0.364 
Based on trimmed mean 1.138 1 36 0.288 

 

As indicated in Table 6, the p-value exceeds 0.05, confirming that the variances across both 
groups are homogeneous. Having satisfied these prerequisite assumptions, the data qualify for 
subsequent analysis via parametric testing specifically ANOVA to identify any significant disparities 
between the groups 

3.2.3. ANOVA Testing Results 
Following the fulfillment of these assumptions, a One Way ANOVA was conducted to evaluate 

the research hypothesis regarding significant disparities in critical thinking capabilities between the 
GenAI-assisted group and the non-GenAI group. Statistical significance was determined by 
comparing the calculated F-value against the critical table F-value at a significance level of 5%. 
Conventionally, a difference is deemed significant when the p-value falls below 0.05. Table 7 shown 
a result of the ANOVA test. 

Table 7. Results of the ANOVA Test 
Source of Variation Sum of Squares (SS) Degrees of Freedom (df) Mean Square (MS) F-value p-value 
Intergroup 0.7864 1 0.7864 100.0738 0.0000 
in Group 0.2829 36 0.0079 - - 
Total 1.0692 37 - - - 

 

As presented in Table 7, the ANOVA yielded a calculated F-value of 100.0738 and a p-value of 
0.0000. Given that the p-value (0.0000) falls below the 0.05 threshold, a statistically significant 
difference exists in the critical thinking capabilities of the experimental versus the control group. 
Consequently, these findings demonstrate that integrating GenAI into introductory Physics 
education significantly enhances students' critical thinking proficiency. 

3.3. Discussion 
These research findings provide compelling empirical validation of Generative AI's potential to 

serve as a catalyst for critical thinking in physics education provided, crucially, that it is deployed 
within a structured pedagogical framework. Nevertheless, these statistical metrics merely scratch 
the surface of a far more complex phenomenon. Why does GenAI foster critical thinking in physics, 
contradicting prevalent fears that it fosters cognitive lethargy among students? Furthermore, 
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notwithstanding the significant gains observed, why did the overall achievement plateau within the 
'Medium' category?.  

3.3.1. GenAI as Intelligent Scaffolding 
The experimental group's advantage can be attributed to the mechanism of cognitive 

scaffolding. In conventional physics settings, students frequently grapple with cognitive overload 
(Wu & Valente, 2020), as they must simultaneously recall formulas, visualize force systems, execute 
algebraic operations, and analyse abstract concepts. A breakdown in a single procedural element 
such as forgetting a derivative formula can often impede higher-order critical thinking (Baker, 2022). 
In Vygotskyan terms, AI functions as a More Knowledgeable Other (MKO) operating within the 
student's Zone of Proximal Development (ZPD) (Wang, 2024). By offloading routine information 
retrieval or initial drafting tasks to AI, students are able to liberate their working memory. This 
observation is consistent with recent findings on cognitive offloading (Gerlich, 2025b); rather than 
becoming bogged down by formulaic syntax or rigid definitions, students are empowered to focus on 
the underlying physical significance of the phenomena.  

For example, instead of expending 15 minutes merely to recall a specific integral formula, a 
student can prompt the AI to retrieve it, subsequently dedicating that time to analyzing the integral's 
relevance to the specific physical boundary conditions. Here, GenAI serves effectively as an on-
demand tutor or 'Socratic Partner.' As highlighted in international literature, AI tools like ChatGPT 
offer detailed, step by step elucidations of complex phenomena, such as force decomposition on an 
inclined plane (Liang et al., 2023). Furthermore, the immediate feedback provided by GenAI enables 
real-time rectification of misconceptions a distinct advantage over conventional classroom settings 
where lecturers are constrained in their ability to address individual student needs simultaneously 
(Borah et al., 2024).  

3.3.2. Analysis of Critical Thinking Indicators 
Critical thinking proficiency in physics confers significant advantages upon students. 

Specifically, the indicators of argumentation and deduction in physics demand the construction of 
robust logical chains (e.g., "If net force is zero, then acceleration is zero; consequently, velocity is 
constant"). As Large Language Models (LLMs) trained on extensive textual datasets, GenAI models 
excel at structuring logical arguments (Ciubotaru, 2025). Exposure to these high-quality logical 
structures even amidst occasional factual imperfections allows students to internalize sophisticated 
reasoning patterns, thereby bolstering their competencies in "Providing Arguments" and 
"Performing Deduction" (Indicators 2 & 3). The marked improvement observed in the experimental 
group underscores the potential of AI to cultivate evaluative judgment. When students task AI with 
solving a physics problem and are subsequently required to determine the solution's physical 
feasibility such as verifying units, limits, and vector directions they engage in high-level 
metacognition. This process corresponds directly to the "Evaluation" indicator (Indicator 5), a skill 
often challenging to in still via traditional lecturing. In this capacity, GenAI functions to mitigate 
procedural cognitive load.  

Consistent with findings by Jarrahi et al (2023), AI operates as a collaborative partner, managing 
"information retrieval" and "initial structuring." Facilitated by structured Type A Student 
Worksheets, students in the experimental group could prompt AI to "elucidate the concept of normal 
force on an inclined plane" or "outline general solution steps." This delegation effectively liberates 
working memory capacity, enabling students to concentrate on higher-order cognitive activities: 
Evaluation and Synthesis. Moreover, these findings contest the pessimistic narrative that AI stifles 
creativity or critical acumen. The "AI Answer Validation" protocol implemented in this intervention 
emerged as a potent exercise in critical thinking. By requiring students to "verify whether ChatGPT's 
response aligns with Newton's Second Law in the textbook," the intervention compelled them to 
activate an analytical mindset. Transitioning from passive consumers to active evaluators, students 
engaged in a fault-finding process with the "smart machine," stimulating a sensitivity to physical 
nuances often missed in passive learning. This aligns with (Liang & Bai, 2025) who posit that 
dialectical interaction with AI deepens conceptual understanding through verification and reflection. 
Ultimately, the GenAI intervention appears to have successfully reduced extraneous cognitive load. 
By leveraging ChatGPT or DeepSeek to provide scaffolding for derivations or definitions, students 
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were able to reallocate mental resources toward higher-order thinking: argument analysis, validity 
evaluation, and solution synthesis.  

3.3.3. "The Double-Edged Sword": Balancing Cognitive Engagement and 
Dependency 

These findings present a compelling counter-narrative to the "educational apocalypse" often 
predicted in the context of AI. Nevertheless, recent literature cautions that unchecked reliance on AI 
may precipitate a decline in independent problem-solving capabilities (Kobaba et al., 2025). While 
the statistical outcomes reveal a significant positive impact, it is crucial to observe that the 
experimental group's mean N-Gain plateaued below the "High" category, suggesting inherent 
limitations. It is plausible that a subset of students, despite achieving higher scores, succumbed to 
the temptation of cognitive "shortcuts" accepting AI responses without rigorous evaluation, 
particularly if their prompting behaviours were "answer-seeking" rather than "explanation-seeking". 
Furthermore, some experimental students may have fallen prey to the illusion of competence. The 
fluency of AI explanations can foster a false sense of mastery; yet, this understanding remains fragile. 
When confronted with tasks demanding independent problem-solving, the residue of this superficial 
understanding proves insufficient. If students fail to detect AI errors due to a deficit in foundational 
concepts, the resulting process is essentially the internalization of misconceptions. Consequently, the 
lecturer's role was not obsolete but rather pivoted to that of a facilitator and expert validator. The 
experimental group's success was largely attributed to the instructional design of the Student 
Worksheets (LKM), which mandated explicit cross-reference with textbooks to mitigate blind 
acceptance. 

 The Positive Edge (Benefits): Students in the AI group did not simply transcript answers; the 
PBL framework compelled them to evaluate AI outputs. The "Evaluation" component of critical 
thinking necessitates credibility assessment. By confronting students with AI-generated text known 
for its susceptibility to errors this intervention effectively converted the risk of AI "hallucinations" 
into a pedagogical asset. Students assumed the role of "editors" or "auditors," a capacity requiring a 
deeper grasp of the material than traditional composition (Kshetri, 2023). Mitigating the Negative 
Edge (Risks): The "perilous sharp edge" of this tool lies in potential dependency and the dulling of 
creativity. The instructional design served to blunt this risk. The worksheets required students to 
explicitly critique AI reasoning, thereby shifting the interaction from passive consumption to 
collaborative negotiation, aligning with contemporary human-AI collaboration frameworks. Without 
such structured guidance, critical thinking scores would likely have mirrored the lower outcomes 
observed in unstructured AI studies (Lawasi et al., 2024).   Future inquiries should prioritize 
longitudinal studies to determine whether these gains in critical thinking are durable or if they lead 
to AI "addiction." Moreover, investigating the specific "prompt engineering" strategies employed by 
high-performing students could cultivate a repository of best practices for physics educators in 
Indonesia. 

3.3.4. Implications for Science Education 
These findings corroborate the learning trends articulated by Kasneci et al., (2023b) which 

highlight the transformative potential of Large Language Models (LLMs) like ChatGPT. By adapting 
content, pacing, and learning styles to individual student needs, AI functions as an ever-present 
personal tutor. Specifically, this study aligns with research indicating that structured AI interventions 
within PBL models bolster data analysis and problem-solving proficiency (Su, 2022). However, this 
study provides a nuanced contribution to the Indonesian higher education landscape. Amidst diverse 
student demographics and specific digital literacy hurdles, the successful implementation at 
UNDIKSHA proves that technological barriers are surmountable via robust pedagogical design. The 
observed enhancement in critical thinking signals that the quality gap in physics education can be 
bridged through prudent technology adoption. Moreover, the implications for national and 
institutional policy are unequivocal: a blanket ban on GenAI in academia represents a counter-
productive step backward. Instead, universities are urged to embed "AI Literacy" into the core 
curriculum, instructing students in prompt engineering and, more importantly, the auditing and 
validation of algorithmic outputs essential skills for the 21st century. 

Therefore, these findings necessitate significant practical shifts in the science education 
curriculum: First, the Evolution of the Lecturer: The traditional role of the lecturer as a sole 
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information provider has been disrupted. Academics must evolve into "validation facilitators" and 
"logic coaches," guiding students through the deluge of AI-generated content and empowering them 
to discern valid physical truths from algorithmic hallucinations (Akhsan, 2023). Second, the 
Centrality of Prompt Engineering: The skill of crafting effective prompts must be circularized. 
Students need to understand that the caliber of the output is contingent upon the quality of the 
inquiry. A rudimentary prompt ("Solve this") produces instant answers that stifle cognition, while a 
sophisticated prompt ("Explain the underlying physics principles and provide an analogy") sparks 
conceptual understanding. Third, Process-Oriented Assessment: Evaluation paradigms must 
transition from assessing final outputs which AI can easily fabricate to scrutinizing the cognitive 
process, the rigor of argumentation, and critical evaluation capabilities.  

3.3.5. Limitations of the Study 
While the findings present compelling evidence for GenAI integration, several limitations must 

be acknowledged. First, the research was conducted with a relatively small sample size (N=38) and 
was confined to a specific institutional context within the Science Education program at Universitas 
Pendidikan Ganesha. This constraint may affect the broad generalizability of the findings to 
institutions with different student demographics or varying levels of digital infrastructure. 
Additionally, the intervention evaluated short term cognitive gains; it remains to be seen whether 
these improvements in critical thinking are durable over a longer academic period. Future studies 
should address these limitations by employing larger, multi-institutional cohorts and longitudinal 
designs to fully map the long-term cognitive impacts of AI dependency and literacy. 

4. Conclusion 
This research offers robust empirical evidence elucidating the dualistic nature of Generative AI 

in introductory Physics instruction: (1) Statistical Efficacy: The integration of GenAI within the 
Problem-Based Learning (PBL) framework demonstrated significant efficacy in enhancing critical 
thinking proficiency, yielding markedly superior outcomes (F=100.07; p<0.001) relative to 
conventional methods.; (2) The Double-Edged Sword Paradigm: GenAI operates as a double-edged 
sword. On the "sharp edge" (the beneficial side), it functions as intelligent scaffolding that facilitates 
problem decomposition and catalyzes active evaluation, propelling students toward the "Medium" 
improvement category. Conversely, on the "blunt edge" (the limiting side), the perils of AI 
hallucinations and cognitive dependency act as constraints that preclude the attainment of the "High" 
category. Without rigorous validation protocols, students remain susceptible to the illusion of 
competence. 
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