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Abstract. The rapid advancement of artificial intelligence (AI) over the 
past few years has led to the development of Generative AI (GenAI) tools 
with enhanced capabilities, including multimodal functionality, reduced 
susceptibility to hallucinations, and real-time access to internet resources. 
Past studies have revealed that GenAI tools are used in daily life across 
various fields, including education, healthcare, engineering, and software 
development. School learners are increasingly relying on them for their 
academic activities. There is a paucity of empirical research on the 
accuracy of these tools' responses, particularly in the field of physics 
education. This mixed-method case study aims to evaluate the accuracy 
of responses from ChatGPT and Google Gemini chatbots in answering 
physics university entrance exams in South Africa. Technological 
Pedagogical Content Knowledge and Webb’s Depth of Knowledge were 
used to construct the theoretical framework. The research instrument 

used in this study was the 2024 university entrance physics exam paper 
in South Africa. The question paper was loaded into each chatbot, then 
they were prompted to respond to the questions. Two expert examiners 
assessed the responses of the chatbots. The performance of each chatbot 
was compared to that of the learners who took the exams. The findings 
were that the chatbots outperformed the learners. This study's findings 
suggest that these chatbots can serve as teaching assistants to support 
learners in exam preparation and formative assessment tasks. Learners 
should employ critical thinking skills to assess the responses they receive 
from chatbots during interactions. 
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1. Introduction   
The question “Can machines think?” was asked several decades ago (Turing, 
2009). It is only now that it appears like we are on the verge of getting the answer, 
as the producers of GenAI chatbots describe their models as being capable of 
thinking. For example, OpenAI describes its latest model, GPT-5, as the “… 
smartest, fastest, most useful model yet, with built-in thinking …” (OpenAI, 
2025b). Similarly, Google’s recent model, Gemini 2.5 Pro, is described as a 
thinking model with multimodal reasoning capabilities including solving 
complex problems such as coding, mathematics and scientific problems 
(Comanici et al., 2025).  
 
There is evidence that chatbots are not only being produced for general purposes 
but are also being developed to assist learners (Chen et al., 2020). They can be used 
in assessment and evaluation, intelligent tutoring, the personalisation of learning, 
and assisting teachers in instructional activities (Chen et al., 2020; Jere et al., 2024; 
Zawacki-Richter et al., 2019). As these chatbots become increasingly widely 
available and are being continuously improved, there is a need for researchers to 
evaluate the claims that chatbots are capable of thinking and to determine the 
accuracy of their responses to educational problems (Kooli, 2023; Kuhail et al., 
2023). As learners utilise these chatbots in their studies, it is essential to have 
empirical evidence of their capabilities to better assess their potential in education 
(Jere, 2025).  
 
The purpose of this study was to assess the accuracy of the responses generated 
by the latest ChatGPT and Gemini models to answer the grade 12 physics 
university entrance examination in South Africa. This study aimed to answer the 
following research question: ‘What kind of physics problems are chatbots capable 
of answering, and what is the nature of problems that chatbots find challenging?’ 
The rest of this paper is structured as follows: the next section reviews the related 
literature to identify the research gap. The theoretical framework is then 
presented, followed by the methodology. Thereafter, the findings and discussion 
are presented, leading to the implications and limitations of this study and the 
conclusion.  
 

2. Literature Review  
In late 2022, ChatGPT released the first widely available chatbot, GPT-1 (Plevris 
et al., 2023). In a short period, the model underwent several revisions, progressing 
from version 1 to 3.5 to 4. Now that GPT-5 has been released, its capabilities have 
been further enhanced. During the same period, Google released its chatbot, first 
as Bard, and then it underwent several iterations. The current version is Gemini 
2.5, with advanced capabilities. While ChatGPT and Gemini could initially only 
understand the information presented to them in text format, they have now 
advanced to a stage where they are regarded as multimodal (Ahmed et al., 2025; 
Rane et al., 2024). They can comprehend information presented in various 
formats, including text, image, audio, and video (Comanici et al., 2025; OpenAI, 
2025a). 
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The architecture of GPT-5 is comprised of three models: a deeper reasoning 
model, which can either be GPT-5-Thinking or GPT-5-Thinking-Mini; a smart, 
faster model, which can either be GPT-5-Main or GPT-5-Main-Mini; and a real-
time router that enables the architecture to switch between the reasoning model 
and the fast model (OpenAI, 2025a). The latest model of Google's AI chatbot, 
Gemini 2.5, is comprised of several versions, including the free version 2.5 Flash 
and the subscription-based version 2.5 Pro. Gemini 2.5 Pro is described as the 
most intelligent thinking model, capable of advanced reasoning and high coding 
abilities (Comanici et al., 2025). 
 
There are claims that chatbots like GPT-5 and Gemini 2.5 Pro have advanced to 
the point where they can perform as well as human beings in examinations at 
various levels of education across multiple fields (Liu et al., 2025; Newton et al., 
2025). The performance of these chatbots in public science examinations is 
important for several reasons. First, if chatbots can answer questions accurately, 
they can be used as teaching assistants to help learners with exam preparation, 
allowing them to focus on more challenging tasks at higher levels of Bloom’s 
taxonomy of educational objectives (Jere & Mpeta, 2025).  
 
The teacher will no longer be the sole source of knowledge, as knowledge becomes 
multifaceted. Secondly, chatbots can be useful for personalising learning (Chang 
et al., 2023). As learners have different abilities, having an AI chatbot that can 
personalise the learning content to each learner’s level can help learners who are 
at risk of not performing well. Finally, the interaction between the learner and the 
chatbot can significantly enhance the comprehension of difficult concepts in 
physics. 
 
There are conflicting findings regarding the accuracy of chatbots when answering 
examination questions in various fields. For example, while some studies 
demonstrate that chatbots can answer questions accurately, others reveal that they 
perform poorly in examinations (Al-Thani et al., 2025; Jere, 2025; Xuan-Quy et al., 
2023). Some studies have demonstrated that AI chatbots can answer physics 
problems with great accuracy. For example, Chapagain et al. (2024) tested 
chatbots and found that ChatGPT 4 could correctly answer 90% of the grade 12 
final exams in Nepal. However, other studies have shown that ChatGPT has not 
yet developed to answer questions accurately. 
 
A study by Revalde et al. (2025) revealed that the chatbot achieved only 17% of 
the maximum possible score. Similarly, Demirci (2025) investigated the accuracy 
of ChatGPT, Gemini and Copilot when answering physics university entrance 
exams in Turkey. It was found that ChatGPT achieved 38.09% of the maximum 
possible score, while both Gemini and Copilot achieved 28.57%. Xuan-Quy et al. 
(2023) found that in Vietnam, chatbots were unable to accurately answer 
questions that required application, and learners outperformed the chatbots. 
These mixed results suggest that further research is needed to determine whether 
chatbots can accurately answer physics university entrance exams.  
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This study aimed to evaluate the accuracy of the most recent models of ChatGPT 
and Gemini when answering physics university entrance examination questions, 
and to investigate the types of questions the chatbots could accurately answer and 
those where they encountered difficulties.  This study contributes to closing the 
gap left by previous research by providing a deeper analysis of the accuracy of 
GenAI chatbots when used in physics education. If these chatbots can be found to 
offer accurate responses to examination questions, then teachers and learners can 
incorporate them into their activities while preparing for examinations and other 
informal formative assessments. The next section discusses the theoretical 
framework that guided this study. 
 

3. Theoretical Framework 
The theoretical framework was crafted from two different but complementary 
theoretical perspectives to develop a comprehensive understanding of the 
integration of GenAI chatbots into physics education. This study draws on the 
scholarship of the Technological Pedagogical Content Knowledge (TPACK) 
framework (Mishra & Koehler, 2006) and the Depth of Knowledge (DoK) 
framework (Webb, 2002). The TPACK model extends the understanding that AI 
tools can be used as mediating agents. The model suggests integrating technology, 
proposing that teachers need to develop a comprehensive understanding of how 
knowledge of content, pedagogy, and technology can be blended to maximise 
learning. This study will contribute to the teachers’ TPACK knowledge of the 
capabilities and role of AI tools in physics education. 
 
Apart from lenses that offer insight into how learning can be enhanced by AI 
chatbots, a theoretical framework was required to analyse the questions presented 
to the chatbots. Webb's (2002) Depth of Knowledge framework was used for this. 
Questions in physics assessment instruments can be ranked according to their 
level of difficulty. Test items range from those that require recall to more complex 
questions involving combining the learner’s knowledge in new ways 
(Woitkowski, 2020). The exam questions assess the extent to which the curriculum 
objectives and goals have been attained (Marzano & Kendall, 2006). Webb (2002) 
classifies objectives and test items into four levels, ranging from those that require 
simple recall to those that require more complex thinking and reasoning. These 
four categories are Level 1, recall and reproduction; Level 2, skills and concepts; 
Level 3, strategic thinking; and Level 4, extended thinking (Webb, 2002). 
 
Test items were classified into Level 1 if they required recalling facts, definitions 
or scientific procedures. Level 2 test items were those that required the learner to 
engage in cognitive processes that extend beyond recalling, necessitating 
combining several steps to arrive at a solution (Webb, 2002). This means that 
questions that require learners to collect, organise, compare, and interpret data 
(Webb, 2002) are considered Level 2 questions. The defining feature of Level 3 
questions, classified as strategic thinking, is that they require complex and 
abstract thinking at a higher level of reasoning than the previous two levels 
(Webb, 2002).  
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Questions that have several possible solutions and require learners to consider the 
best approach are generally regarded as Level 3 questions. These questions are 
more cognitively demanding. Asking learners to explain how they arrived at the 
solution or to justify their answer is regarded as a Level 3 question. Questions that 
require learners to apply concepts they have acquired to solve novel problems, 
develop logical arguments, design investigations and scientific models, and 
formulate conclusions from experimental data are considered to be Level 3 
questions (Webb, 2002). Level 4 questions require significantly more complex 
thinking and should be addressed over an extended period, typically through 
learner projects (Cvenic et al., 2022). Therefore, Level 4 questions are beyond the 
scope of physics university entrance examinations. 
 

4. Methodology  
This study employed a case study research design to allow for an in-depth 
exploration of complex issues according to a naturalistic approach (Crowe, et. al, 
2011). This design was suitable for the study as it enables the researcher to answer 
the “how”, “what”, and “why” questions to explore, describe and explain the case 
(Crowe, et al.). al, 2011). The case study examined the accuracy of the responses 
generated by Gemini and ChatGPT chatbots to answer the November 2024 
university entrance physics exam in South Africa. 
 
In South Africa, physics is offered as part of the physical sciences from grade 10 
to grade 12. The major topics covered in physics include mechanics (vectors and 
scalars, kinematics, Newton’s laws, work energy and power, momentum and 
impulse, and vertical projectile motion), waves, sound, light (transverse and 
longitudinal waves, wave properties, sound waves and the Doppler effect, and 
wave-particle duality and the photoelectric effect) and electricity and magnetism 
(electrostatics and current electricity, electric circuits and electromagnetic effects). 
In the final year of secondary education, learners sit a physics paper (Paper 1) and 
a chemistry paper (Paper 2). These are high-stakes exams used as university 
entrance exams, allowing learners to pursue science-related careers such as 
engineering and medical professions. To achieve the purpose of this study, the 
November 2024 exam paper was purposively sampled as it was the most recent 
examination. 
 
The physics papers were downloaded from the Department of Basic Education 
website on two different devices. These papers were then uploaded into Gemini 
2.5 Pro (Deep Research) and ChatGPT (GPT-5) on two different devices on August 
12, 2025. For the responses from ChatGPT, the platform used was Android, and 
the interface was the ChatGPT mobile app with the App version being 
ChatGPT/1.2025.315, running on OS version 16. The default configuration 
settings were used without modification, and the decoding parameters, replicas 
and aggregation methods were not visible to the user. The responses from Google 
Gemini were obtained from the Google Gemini web platform through the 
standard conversational interface. The model used was the Gemini Advanced 
Deep Thinking model, using the default configuration settings. 
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The chatbots were prompted to answer all questions with no further instructions. 
The responses from the chatbots were copied into two answer scripts. These were 
labelled Script 1 and Script 2, and were printed. The marking guidelines document 
and question papers that were used that year were downloaded from the same 
website. Four copies of the marking guidelines and question papers were made. 
Two experienced examiners from the Department of Basic Education were 
requested to participate in the study. The author held a meeting with the two 
experts to discuss the two tasks related to assessing the scripts. The first task 
involved classifying the questions using Webb’s (2002) DoK framework.  
 
The panel discussed Webb’s (2002b) DoK framework and the classification of the 
questions. This was followed by a discussion on the question paper and the 
marking guidelines. The marking guidelines were strictly adhered to during the 
marking process. As the marking guidelines require that partially correct answers 
are awarded as indicated in the guide, the examiners followed this instruction. 
The examiners were then allowed to follow the marking guidelines to assess the 
chatbots' answer scripts and to classify the questions according to Webb’s Depth 
of Knowledge Framework. It was agreed that the results would be submitted after 
one week. 
 
The reliability of the coding process for classifying the exam questions into 
Webb’s DoK framework was determined using SPSS version 29 to determine 
Cohen’s kappa (k) (Cohen, 1960) after receiving the results from the examiners. 
The results indicated almost perfect agreement (k = 0.914, p < .001) (Landis & 
Koch, 1977) for the classification of the exam questions into Webb’s DoK 
framework. The intraclass correlation coefficient (ICC) was used in the interrater 
reliability analysis of the exam marking process (Koo & Li, 2016). The ICC was 
determined using a two-way model and absolute agreement in SPSS version 29, 
with the results suggesting excellent agreement between the examiners for the 
questions answered by ChatGPT (ICC (2,1) = 0.93, CI [0.88, 0.96], p < .001) (Koo & 
Li, 2016).   
 
Excellent agreement was also observed between the two examiners in their 
marking of the answers generated by Gemini (ICC (2,1) = 0.94, CI [0.90, 0.97], p < 
.001).  A meeting was held between the researcher and the two examiners to 
discuss the classification of the exam questions and the marking process. Any 
differences between the examiners in both the marking process and the 
classification of questions were resolved, and the results are presented in the 
findings and discussion section that follows. 
 

5. Findings and Discussion 
The physics examination used as the research instrument had ten questions and 
fifty-seven sub-questions. These questions and sub-questions were classified 
using Webb’s DoK framework, and the findings are presented in Table 1. The 
physics exam questions were presented to Google’s Gemini 2.5 Pro Deep Thinking 
chatbot model and ChatGPT-5, and the findings on the chatbots’ performance are 
presented in Table 1. 
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Table Error! No text of specified style in document..1: ChatGPT-5 and Gemini 2.5 Pro 
Performance 

Depth of 
Knowledge 

Level 

Questions ChatGPT 
Marks 

Gemini 
Marks 

Total 
Marks 

Level 1: Recall 
and 

Reproduction 

1.1; 1.6; 1.8; 1.10; 2.1; 4.1; 5.1; 
6.1; 7.3.1; 8.1; 9.1; 9.2; 9.5; 

10.1; 10.3.1 

25 (93%) 26 (96%) 27 (100%) 

Level 2: Skills 
and Concepts 

1.2; 1.3; 1.4; 1.5; 1.7; 1.9; 2.2; 
2.4; 3.1.2; 3.1.3; 3.2; 4.2; 4.3.1; 
4.3.2; 4.4; 5.2; 5.4; 6.2; 6.3.1; 
7.1; 7.2; 8.2.1; 8.2.2; 9.3; 9.4; 

9.6; 10.2.1; 10.2.2; 10.2.4; 
10.3.2 

50 (68%) 57 (78%) 73 (100%) 

Level: 3 

Strategic 
Thinking 

2.3.1; 2.3.2; 3.1.1; 5.3; 6.3.2; 

7.3.2; 7.3.3; 8.2.3; 8.2.4; 8.3; 
9.7; 10.2.3; 

31 (62%) 37 (74%) 50 (100%) 

Total 106 (71%) 120 
(80%) 

150 
(100%) 

 
The results in Table 1 indicate that Gemini was able to accurately answer four out 
of 10 examination questions, while the sampled learners and ChatGPT could not 
accurately answer all questions for any of the 10 exam questions. The chatbots 
outperformed the learners in all questions, with the following exceptions. In 
question 2, learners outperformed ChatGPT; in question 8, learners outperformed 
Gemini; and in question 6, both chatbots were outperformed by the learners. 
Overall, Gemini was more accurate with a performance of 80% followed by 
ChatGPT, which performed at 71%. The learners managed an average 
performance of 49%. Key definitions of terms are provided in Table 2 to facilitate 
the understanding of the values in Table 1. From this analysis, it is apparent that 
the chatbots outperformed the learners in terms of generating accurate responses 
to the exam questions (Figure 1). 
 
Table Error! No text of specified style in document..2: Definitions of the Key Terms for 

Interpreting Chatbot Performance 

Term Definition Denominator for 
percentage values 

Item A single question in the exam paper 
made up of sub-questions, e.g. 
Question 2. 

Total marks for the 
entire question. 

Sub-Item Part or component of a question, e.g. 
Question 2.1 

Total marks for the 
sub-question. 

“Totally Correct” 
Question 

When the chatbot answers all sub-
questions correctly, scoring all marks 
for that item. 

Total marks for the 
question 

Correct Answer 
per Sub-question 

Total or partial marks obtained per 
sub-question. 

Total marks for the 
sub-question. 

 
Recent studies support the findings that chatbots are now increasingly competent 
at answering physics questions at the university entrance level. For example, 
Tschisgale et al. (2025) assessed the problem-solving abilities of LLMs in 
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answering Olympiad-type physics questions and found that the LLMs 
outperformed human subjects. Where LLMs are found to underperform, prompt 
engineering can be used to obtain responses that approach expert-level reasoning 
from the chatbots (Polverini & Gregorcic, 2024). 
 

 
Figure 1: Performance of ChatGPT-5, Gemini 2.5 and learners per question 

 
The questions sampled to illustrate how chatbots performed in this exam are now 
presented in terms of Webb’s DoK framework, ranging from Level 1 (recall and 
reproductions) to Level 2 (skills and concepts), and finally to Level 3 (strategic 
thinking). No questions were classified under Level 4 (extended thinking) by the 
examiners. The following sub-section presents the findings for Level 1 questions. 
 
5.1 Level 1 - Recall and Reproduction 
Question 1 had ten multiple choice items. Four of these items were classified as 
Level 1, recall and reproduction questions. These items were 1.1, 1.6, 1.8 and 1.10 
(Figure 2). Both ChatGPT and Gemini were able to accurately answer all recall 
and reproduction multiple choice questions. 
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Figure 2: Recall and Reproduction Multiple Choice Questions 

 
The first question, 1.1, required the candidates to recall that when the forces acting 
on an object are at equilibrium, the net force acting on it is zero as the forces are 
balanced. Therefore, the object moves at constant velocity. Most candidates had a 
good understanding of these concepts, as evidenced by the average performance 
of 72% for this question (Figure 3).  
 
In question 1.6, recalling that a redshift means that the light on Earth would have 
a lower frequency and longer wavelength, implying that the star is moving away 
from the Earth, was sufficient for candidates to answer the question. However, 
only 65% of the candidates were able to understand this (Figure 3). Similarly, 
question 1.8 was a recall question. The candidates were expected to recall that the 
kilowatt-hour is the unit of energy, as it is a unit obtained by multiplying the unit 
of power by the unit of time. Surprisingly, only 39% of candidates could answer 
the question correctly. 
 
Question 10.1 required the recall of concepts regarding the photoelectric effect. In 
accordance with Einstein’s theory, light is made of particles called photons. 
During the photoelectric effect, each electron on a metal surface absorbs a single 
photon, and if the energy of a photon, hf, is greater than the work function, Φ, 
then the electron is ejected. Recalling this information would allow the learners to 
realise that (ii) and (iii) are correct. However, the photoelectric effect does not 
demonstrate the wave nature of light, making (i) false. Only 33% of the learners 
were able to understand these concepts (Figure 3). GenAI tools can be used to 
assist learners in comprehending recall and reproduction questions related to 
these concepts as this study has shown that they are capable of generating 
accurate and correct responses. 
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Figure 3: Average performance of candidates per sub-question (DBE, 2024) 

 
The chatbots were able to provide comprehensive responses to questions that 
required the recall and reproduction of information, answering questions 2 to 10. 
The responses of the two chatbots, together with the expected answers from the 
marking guidelines, are presented in Table 2. A significant proportion of learners 
struggled to answer these questions accurately. For example, Figure 3 shows that 
the average performance of learners was only 34% for accurately answering 
question 2.1, and only 20% for accurately answering question 5.1. 
 

Table Error! No text of specified style in document..3: Responses of the chatbots to 
questions requiring recall and reproduction 

Question Marking Guideline 
Answer (DBE, 2024) 

ChatGPT Answer Gemini Answer 

2.1 Defining 
static friction 

Force that opposes the 
tendency of motion of a 
stationary object 
relative/parallel to a 
surface. 

Frictional force that acts 
between two surfaces 
when there is no relative 
motion; it adjusts up to a 
maximum value of fs, max 
= µsN. 

Force that opposes the 
tendency of motion 
between two surfaces in 
contact when they are at 
rest relative to each 
other.  

4.1 Stating 
the principle 
of 
conservation 
of mechanical 
energy 

The total mechanical 
energy/sum of 
gravitational potential 
energy and kinetic 
energy, in an isolated 
system, remains constant 
or is conserved. 

In an isolated system 
with only conservative 
forces acting, the total 
mechanical energy 
(kinetic + potential) 
remains constant. 

The total mechanical 
energy (sum of the 
kinetic energy and 
potential energy) of an 
isolated system remains 
constant. 

5.1 Defining 
work done by a 
force 

The work done on an 
object by a constant force 
F is F.Δx. cosθ, where F is 
the magnitude of the 
force, Δx the magnitude 
of the displacement and θ 
the angle between force 
and displacement. 

Scalar product of force 
and displacement: W = 
F.Δx.cosθ. It is the energy 
transferred by the force 
when it moves the object 
through displacement 
Δx. 

It is quantitatively 
defined as the product 
of the magnitude of the 
force, the magnitude of 
the displacement of the 
object, and the cosine of 
the angle between the 
direction of the force 
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and the direction of the 
displacement (W = 
F.Δx.cosθ). Work is a 
scalar quantity. 

7.3.1 Stating 
Coulomb’s law 

The magnitude of the 
electrostatic force exerted 
by one point charge to 
another point charge is 
directly proportional to 
the product of the 
magnitudes of their 
charges, and inversely 
proportional to the 
square of the distance 
between them. 

The magnitude of the 
electrostatic force 
between two point 
charges is directly 
proportional to the 
product of the 
magnitudes of the 
charges, and inversely 
proportional to the 
square of the distance 
between them. 

Coulomb's Law states 
that the electrostatic 
force between two point 
charges is directly 
proportional to the 
product of the 
magnitudes of the 
charges, and inversely 
proportional to the 
square of the distance 
between their centres. 

8.1 Defining 
power 

The rate at which work is 
done/dissipated OR 
energy transferred OR 
Work done per unit time. 

Power is the rate of 
transfer of energy; 
electrical power P = VI or 
P = I2R or P = V2/R. 

Power is defined as the 
rate at which work is 
done or energy is 
transferred or 
converted. 

10.1 Defining 
photoelectric 
effect 

The process whereby 
electrons are ejected from 
a metal surface when 
light (of suitable 
frequency) is shining on 
that surface. 

The emission of electrons 
from a metal surface 
when electromagnetic 
radiation (light) of a 
frequency greater than 
the threshold frequency; 
electrons are emitted if hf 
exceeds the work 
function and the 
maximum kinetic energy 
is Kmax = hf- Φ. 

The photoelectric effect 
is the phenomenon in 
which electrons are 
ejected from the surface 
of a metal when light of 
a sufficiently high 
frequency (above a 
certain threshold 
frequency) shines on it. 

 
It is clear that the chatbots can help learners to comprehend questions at Level 1 
using Webb’s DoK framework, dealing with recall and reproduction. Apart from 
providing accurate responses to such questions, chatbots can be used by learners 
to gain a deeper understanding of any aspects of these concepts that they may not 
initially comprehend. The chatbots can be prompted by the learners to provide 
clarity on any aspects that may be unclear to them. 
 
The findings show that GenAI chatbots do not find definitions and recall and 
reproduction questions challenging, and can accurately answer these questions, 
supporting the earlier literature. Chapagain et al. (2024) found that the chatbots 
were able to provide accurate responses to questions requiring the definition of 
scientific terms in physics. Additionally, López-Simó and Rezende (2024) found 
that ChatGPT was able to provide accurate and correct responses to questions 
requiring basic definitions and simple calculations in physics, as confirmed in this 
study. This study examines the integration of GenAI tools in physics education 
and suggests that AI tools are valuable for learners when practising recall and 
reproduction questions, including simple calculations. The next sub-section 
analyses how ChatGPT and Gemini responded to questions at Level 2, skills and 
concepts, using Webb’s DoK framework. 
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5.2 Level 2 - Skills and Concepts 
Sub-questions, such as 1.2, 2.2, 3.1.3, 4.4, 7.1, and 9.6, assessed skills and concepts 
(Table 1). Sample questions illustrating the chatbots' responses to questions 
assessing skills and concepts are shown in Figures 4 and 7. 
 

 
Figure 4: Questions on mechanics, assessing skills, and concepts (DBE, 2024) 

 

The response of the Google Gemini Deep Thinking model to question 4 (Figure 4) 
is shown in Figure 5. The examiners awarded Gemini full credit for question 4.2 
for stating the conservation equation, substituting the correct values into the 
equation, and then providing the answer with the correct units. The average 
performance of the learners in 4.2 was 57%, with most candidates failing to write 
down the formula for the law of conservation of mechanical energy. Alternatively, 
they could have used the work-energy theorem or equations of motion. The 
question required an understanding of the principle of conservation of 
mechanical energy, then using an equation to solve the problem.  
 
In question 4.3.1, the learners were required to understand that the initial velocity 
before the explosion was zero, and that the final velocity after the explosion was 
the answer of 4.2. Substituting this value into the equation for the change in 
momentum would yield the required result. The change in the momentum of 
trolley A would be the same as that of B but in the opposite direction. This was 
what learners were required to understand in order to answer 4.3.2 correctly. The 
last question, 4.4, was again an application of the concept of a change in 
momentum. While both ChatGPT (Figure 6) and Gemini (Figure 5) accurately 
answered all questions, demonstrating that the chatbots comprehended the 
information provided, the same could not be said about the learners regarding 
impulse and momentum. Only about half of the learners were able to attempt this 
question competently. 
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Figure 5: Responses of Gemini to questions on mechanics on concepts, and skills 

 
The response of ChatGPT to question 4 is shown in Figure 6.  Unlike most learners, 
ChatGPT received full credit. The chatbot was able to use the principle of the 
conservation of mechanical energy to calculate the speed of the trolley at the 
bottom of the incline, and then to calculate the change in momentum of trolley B. 
The chatbot deduced that the change in momentum of A would be the same as 
the change in momentum of B but the opposite in direction. The chatbot was also 
able to reason comprehensively to calculate the speed of trolley A after t seconds. 
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Figure 6: Responses of ChatGPT to questions on mechanics, assessing concepts, and 

skills 

 
The results presented in this section indicate that GenAI models appear to 
outperform learners. This finding aligns with other scholars who have recently 
observed a significant improvement in the performance of LLMs, with similar 
results reported by Tong et al. (2024). 
  
One of the questions where both chatbots performed poorly was related to the 
Doppler Effect (Figure 8). Learners outperformed the chatbots in this question 
with an average performance of 74% (Figure 1). Sub-questions 6.2 and 6.3.1 were 
classified under Level 2, concepts and skills. It was important for the candidates 
to realise that from the given information in the graph, the wavelength recorded 
by the listener was larger than that of the source. They should recall that 
wavefronts spread out and the observed wavelength increases (frequency 
decreases) if the source is moving away from the observer.  
 
ChatGPT was able to provide an accurate response to this question, while Gemini 
failed to provide a correct answer. Learners performed at 70% for this question. 
Sub-question 6.3.1 required candidates to use the wave equation, v = f.λ. While 
ChatGPT obtained the appropriate value of the wavelength from the graph, 
Gemini used the wrong value of the wavelength for the sound from the source. 
Gemini’s response was inaccurate while that of ChatGPT was correct, raising 
some doubt about the comprehension of Gemini of information in graphs and its 
claim of multimodal abilities. 
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Figure 7: Questions 6.2 and 6.3.1 on the Doppler Effect, assessing concepts and skills 

 
The analysis of the responses of GenAI chatbots to Level 2 questions of Webb’s 
DoK framework, which assesses the comprehension of concepts and skills, 
suggests that the chatbots are capable of applying fundamental physics principles, 
particularly in mechanics. They were able to correctly formulate and substitute 
relevant conservation and kinematic equations, showing conceptual 
understanding and procedural accuracy that exceeded the learners’ average 
performance. This study confirms and supports recent findings in physics 
education, which indicate that large language models now possess greater 
capabilities when it comes to accurately responding to physics problems 
(Chapagain et al., 2024; Tong et al., 2024).  
 
Although the chatbots surpass the learners’ question-answering performance at 
Level 2, they still have some limitations that require improvement. For the 
questions on the Doppler Effect, the failure to comprehend graphical information 
implies that Gemini still requires improvement to generate more accurate 
responses. The next sub-section analyses the responses of the GenAI chatbots to 
Level 3 questions and compares their performance to that of learners. 
 
5.3 Strategic Thinking  
There were a considerable number of cognitively demanding Level 3 questions, 
requiring learners to reason beyond recall and reproduction or familiarity with 
concepts and skills. For example, question 8, sub-questions 8.2.3, 8.2.4 and 8.3 
(Figure 8), assessed the candidates’ strategic thinking skills using Webb’s DoK 
framework. 
 



347 

 
 

http://ijlter.org/index.php/ijlter 

 
Figure 8: Questions on electric circuits, assessing strategic thinking (DBE, 2024) 

 

Although all questions on electric circuits at Level 3 required calculations, not all 
calculation questions in physics are Level 3. For example, simple calculations that 
require substituting given values into a formula (often provided on data sheets) 
are less cognitively demanding and can be regarded as Level 1 or 2 questions, 
depending on their level of complexity. Multistep calculations (López-Simó & 
Reze, 2024) which often require several equations, with some values provided in 
the problem and others not, are more cognitively demanding and can be classified 
as Level 2 or 3, depending on the degree of complexity required for the reasoning. 
This was the case with sub-questions 8.2.3, 8.2.4 and 8.3 (Figure 8). 
 
Sub-question 8.2.3 required the candidates to calculate the resistance of resistor R1 
in the given circuit (Figure 8). The sub-question is a Level 3 question for several 
reasons. First, it is not a single-step question that requires substituting given 
values into a formula. Second, there are several different approaches that a 
candidate can follow to obtain the solution. The problem requires multiple steps 
and extensive reasoning to arrive at the result. For example, candidates could 
have determined VR1 first. This step required them to understand that the voltage 
across the resistors in parallel is the same but the voltage across resistors in series 
is divided among said resistors. 
 
Candidates performed poorly in this question, obtaining around 50% (Figure 3). 
ChatGPT provided a comprehensive response with accurate reasoning. It 
determined the voltage across R1, reasoned that the current through R1 must be 
the same as through L1, and then proceeded to use Ohm’s law to find R1. The 
response from Gemini was fraught with errors. It failed to determine the current 
through R2 and the total current in the circuit. Although it obtained the accurate 
voltage across R1, its application of Ohm’s law yielded an incorrect response due 
to the errors in the preceding discussion. 
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Determining the EMF (sub-question 8.2.4) of the battery was also a Level 3 
question. There were several ways to determine the EMF. One way was to find 
the voltage drop across R2 using Ohm’s Law. Candidates had to understand that 
the current through R2 was the total current flowing in the circuit. They could then 
apply Kirchhoff’s loop rule to determine the EMF. ChatGPT provided an accurate 
response, while Gemini did not. Sub-question 8.3 required candidates to 
determine whether bulb L2 would continue glowing if bulb L1 were to burn out. 
ChatGPT accurately reasoned that when L1 burns out, all current would flow 
through L2. It correctly calculated the current that would flow through L2 (which 
was greater than 1.50A) by first determining the resistance of L2, concluding that 
L2 would continue to glow brighter. The calculations from Gemini had some 
errors, although it also concluded that L2 would continue to glow. 
 
The sub-questions on electric circuits at Level 3 in Webb’s DoK framework 
required a multi-step approach, specifically conceptual reasoning that integrated 
multiple concepts and strategic thinking that involved selecting appropriate 
strategies. They needed to demonstrate a deeper understanding of fundamental 
principles such as Ohm’s law and Kirchhoff’s rule. Consequently, learners 
struggle with attempting such questions.  
 
This study suggests that recent GenAI models have advanced to a level where 
they can exhibit comprehensive thinking, enabling them to solve complex physics 
problems that require multi-step reasoning, as demonstrated by ChatGPT. This 
suggests that the chatbots are approaching expert reasoning in physics. The less 
consistent accuracy of the responses from Gemini implies that GenAI systems do 
not yet possess the level of sophisticated reasoning required for problems that 
necessitate strategic thinking.  
 
In terms of the taxonomy of errors displayed by GenAI chatbots, this study 
identified some apparent limitations when reading graphs, particularly in the case 
of Google Gemini. The study did not find evidence of failure by GenAI chatbots 
when choosing appropriate formulae for solving physics problems or using the 
correct units. The GenAI chatbots displayed proficiency in algebraic 
manipulations. The implications and limitations of this study are presented in the 
next section. 
 

6. Implications and Limitations of the Study 
The findings in this study indicate that generative AI tools, such as Gemini and 
ChatGPT, continue to evolve and become capable of providing accurate responses 
to physics questions on university entrance exams, opening up new possibilities. 
It builds upon earlier work in physics and chemistry education by researchers 
such as Demirci (2025) and Daher, Diab, and Rayan (2023), who found that GenAI 
chatbots were unable to accurately answer physics and chemistry questions on 
university entrance exams. The implications of the findings are that the accuracy 
of GenAI chatbots continues to improve, extending to assessment and curriculum 
design, educational policy, professional teacher development, teaching and 
learning, and future research.  
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This study is significant for practice in South Africa and beyond, particularly in 
the field of physics education. Regarding assessment and curriculum design, 
educators should reconsider the formative assessment tasks they require their 
learners to complete. If generative AI tools can provide accurate responses to 
standardised test items, then setting these types of exercises for homework may 
serve no purpose as they will use chatbots to answer the questions. It is suggested 
that when educators want to assess recall and reproduction, assessments should 
be in the form of short class tests.  
 
Homework should focus on tasks that assess strategic thinking, such as analysis, 
synthesis, and interpretation, rather than concepts and skills, and the recall of 
information. Learners can utilize AI but they should be critical of AI-generated 
responses. They should also be aware of the limitations of AI (Tang et al., 2024). 
Assessment activities should focus on problem-solving, creativity, and 
collaboration between AI tools and learners (Khlaif et al., 2025). 
 
There is a need for a review of educational policy regarding AI integration in 
schools to ensure that all learners have access to AI tools, that there is an 
incorporating of AI tools into formal curricula, and to ensure data privacy and the 
ethical use of AI (Zhao et al., 2024). In-service and pre-service teacher training 
should be designed to focus on integrating AI into pedagogical practices, ensuring 
the appropriate use of AI in lesson planning, teaching, learning, and assessment, 
while being aware of the current limitations (Seufert et al., 2021). Thus, it is 
suggested that GenAI tools, such as ChatGPT and Gemini, should be used as 
pedagogical assistants in classroom practice.  
 
This study has some limitations. A major limitation is that the findings only apply 
to the period in which the study was conducted. GenAI tools are continuing to 
evolve at a rapid pace and are becoming increasingly advanced. As new models 
of AI tools emerge, the types of questions that this study reveals as problematic 
for AI tools to answer accurately may change. Future research should focus on 
investigating the accuracy of GenAI tools in STEM fields, including mathematics, 
biology, and chemistry, as well as the impact of integrating AI into academia on 
academic achievement and the learners' attitudes towards AI integration. This is 
to ensure the effective integration of GenAI.  
 

7. Conclusion  
This study has demonstrated that GenAI tools, such as ChatGPT and Gemini, 
continue to evolve. They are becoming more adept at providing accurate 
responses to physics questions that require higher cognitive thinking, specifically 
at level 3 according to Webb’s DoK framework. This means that physics education 
at secondary school level can be transformed by integrating these tools. It is 
suggested that the integration of GenAI in high school curricula should be 
accompanied by the building of teacher capacity through professional 
development. When integrated appropriately into science education, GenAI can 
enhance inquiry-based learning, promote higher-order thinking, and improve 
academic performance. 
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