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ABSTRACT

This study investigates the use of Large Language Models (LLMs) by undergraduates majoring in Instrumentation and Control

Engineering (ICE) at University of Shanghai for Science and Technology. We conducted a questionnaire survey to assess the

awareness and usage habits of these LLMs among ICE undergraduates in ICE courses, focusing on the model types, frequency,

self-study tasks and post-usage feedback. The survey results indicate that ChatGPT is the most frequently used model among ICE
undergraduates. Furthermore, we evaluated the performance of GPT-3.5 and GPT-4 on a set of 342 ICE questions sourced from
the China MOOC platform. The results reveal significant performance differences between GPT-3.5 and GPT-4 across various
ICE sub-disciplines and question types. GPT-4 shows particular proficiency in understanding control technology and system,

achieving an accuracy of 82.16%, compared to 68.42% for GPT-3.5. Finally, we explore the factors influencing students use LLMs

for ICE self-study and propose strategies for teachers to incorporate LLMs into ICE courses. This study highlights the potential of

LLMs to enhance ICE education and provides concrete examples of their application in engineering coursework.

1 | Introduction

With the rapid advancement of artificial intelligence, Large
Language Models (LLMs) have emerged as a major innovation in
Natural Language Processing (NLP) (Karanikolas et al. 2024; Chen
et al. 2024). Since the introduction of the Transformer architecture
in 2017 (Vaswani et al. 2017), several LLMs based on this archi-
tecture have been released, greatly enhancing the efficiency and
capability of NLP tasks (Ansar, Goswami, and Chakrabarti 2024;
Kheddar 2024). Between 2018 and 2019, Google and its collab-
orators launched BERT, XLNet and T5 (Text-To-Text Transfer
Transformer), achieving breakthroughs in language understand-
ing and task transferability (Zhilin Yang et al. 2019; Jacob Devlin,
Lee, and Toutanova 2019; Kale and Rastogi 2020). In 2019, Baidu
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developed the ERNIE model, which improved Chinese language
comprehension through the integration of structured knowledge
and multimodal learning (Sun et al. 2020, 2021). In 2022, OpenAlI
released ChatGPT, based on the GPT-3.5 and GPT-4 models, excel-
ling in traditional NLP tasks such as machine translation and text
summarization (Hendy et al. 2023; Goyal, Li, and Durrett 2022), as
well as emerging applications like conversation systems and writ-
ing assistants (Imran and Almusharraf 2023). ChatGPT marked
the beginning of large-scale public deployment of LLMs (Haleem,
Javaid, and Singh 2022). More recently, Anthropic's Claude model
and Meta AI's LLaMA model, both based on GPT architectures,
have developed. The Claude model enhances conversational gen-
eration and task adaptability by incorporating human feedback
during training (Adetayo, Aborisade, and Sanni 2024).
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The growing use of LLMs in education is leading to a transition
from traditional teaching styles to more customised, learner-
focused approaches (Wang et al. 2024; Javaid et al. 2023; Jeon and
Lee 2023). Firstly, LLMs are effective for explaining knowledge
(Fitria 2023; Li, Carlson, and Potts 2022). For instance, XLNet and
BERT are particularly good at text analysis and extracting informa-
tion, which helps with classification and concept understanding
(Somers, Cunningham-Nelson, and Boles 2021). ERNIE, aimed
at Chinese content, boosts comprehension of complex contexts
by using knowledge graphs (Sun et al. 2019). In addition, LLMs
can enhance personalised education by establishing objectives,
outlining routes and suggesting materials. For instance, ChatGPT
tailors educational pathways according to student needs and per-
formance (Abas et al. 2023; Limo et al. 2023), supplying coherent
answers that facilitate problem-solving and assignment comple-
tion (Moore et al. 2022). This ensures timely and effective guid-
ance. LLMs also help teachers with educational data analysis and
decision-making (Ghavidel, Zouaq, and Desmarais 2020). For in-
stance, BERT is able to process large amounts of student feedback
and provide sentiment analysis (Zhang 2022; Alhazmi, Khan, and
Syed 2023). This allows teachers to gain insights into student emo-
tions and optimise their teaching strategies. The existing literature
suggests that assessing the accuracy of LLMs through specialised
simulated exams provides direct evidence of their applicability
in specific educational fields (Xu and Ouyang 2022; Newton and
Xiromeriti 2024). For instance, the examination performance of
ChatGPT in fields such as English (de Winter 2023), computer sci-
ence (Finnie-Ansley et al. 2022; Kosar et al. 2024), medicine (Ali
et al. 2023; Angel et al. 2022; Sadeq et al. 2024), and law (Freitas
and Gomes 2023; Chalkidis 2023; Katz et al. 2024), has been
analysed.

Research on the application of LLMs in engineering education,
especially in Instrumentation and Control Engineering (ICE), is
still in its nascent stages. ICE, a foundational discipline in au-
tomation and intelligent manufacturing, necessitates that stu-
dents master both complex engineering principles and practical
competencies. The complexity, interdisciplinary scope and prac-
tical orientation of ICE courses, however, present significant
challenges, particularly in areas such as mathematical mod-
elling and control system design. Notably, some students have
begun independently using LLMs to support self-study, even in
the absence of teacher guidance. This suggests both the poten-
tial value of LLMs in education and an increasing ‘awareness’
among students. Despite these developments, there is currently
no research about the applications of LLMs in ICE education or
assessing their performance in ICE simulated exam.

This study investigates the application of LLMs in ICE self-study
among undergraduates at the University of Shanghai for Science
and Technology. Through a questionnaire survey, we assess their
‘awareness’ and ‘usage habits’ regarding LLMs as ICE self-study
tools. ‘Awareness’ refers to their familiarity with the existence
and functions of LLMs (Shahzad, Xu, and Javed 2024), while
‘usage habits’ refers to their behavioural patterns in using these
tools for specific tasks. The survey focuses on the types of LLMs
used (e.g. ChatGPT, Claude, LLaMA, Ernie Bot, Tongyi), their
usage frequency, purposes in self-study and feedback on usage.
Additionally, we evaluate the performance of the most popular
models (based on survey responses) in a simulated ICE exam, to
assess their accuracy and domain-specific expertise. Finally, we

identify factors influencing LLM use in ICE self-study and provide
recommendations to enhance LLM integration in ICE courses.

2 | Methods
2.1 | Questionnaire Design

The questionnaire comprises both objective and subjective ques-
tions, totaling 17 questions (Q1-Q17, sequentially numbered).
It covers four dimensions: basic information of respondents,
awareness of LLMs in education, usage habits of LLMs in ICE
self-study, and post-usage feedback about LLMs in ICE self-
study (Table 1).

2.2 | Online Questionnaire Survey

The survey participants are undergraduate students ma-
joring in ICE at the University of Shanghai for Science and
Technology (USST). All participants have completed courses in
the Principles of Automatic Control and possess foundational
knowledge of control theory.

This study utilised a real-name questionnaire survey, preceded
by pilot tests with 30 participants to address any ‘expressed
deviation’ (May—June, 2024). Adjustments were made to the
number and difficulty of questions, with an excepted completion
time of 10-15min. The questionnaire was designed as a single
scrolling page, including an introduction that explain the pur-
pose and significance of the survey.

The questionnaire was distributed via the USST self-compiled
Education Online platform (https://1906home.usst.edu.cn/),
and shared with students through mass email. The survey was
conducted from October 8 to October 19, 2024, yielding 98 valid
responses. Data collection and analysis were performed using
the Education Online platform, which generated statistical

TABLE1 | Four comprises of questionnaire.

Dimension 1 Basic information of respondents,
including name, gender, age, education
and academic background, E-

mail, a total of seven problems

Awareness of LLMs in education,
encompassing their understanding of
LLMs, familiarity with specific models,
and awareness of real-world applications
of LLMs in education (Table 2)

Dimension 2

Dimension 3 Usage habits of LLMs in ICE self-
study, covering independent use in ICE
coursework, types of LLMs applied, tasks

completed, and frequency of usage (Table 3)

Dimension 4 Post-usage feedback about LLMs in ICE
self-study, including perceived benefits,
encountered challenges, and evaluations

of academic suitability (Table 4)
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https://1906home.usst.edu.cn/Questionnaire

TABLE 2 | Awareness analysis of LLMs in education among respondents.

Question Options Number of Votes  Percentage
Do you understand the concept of large language models Yes, I understand 97 99.0%
(LLMs)? (Q8: Single-choice question) No. I do not understand 0 0%
Not sure 1 1.0%
Have you seen or read about real-world applications of Yes, I have 97 99.0%
LLMs in education? (Q9: Single-choice question) No, I haven't 0 0%
Not sure 1 1.0%
Which specific LLM tools are you familiar with? (Q10: ChatGPT (by OpenAlI) 98 100.0%
Multiple-choice question) Claude (by Anthropic) ) 2.0%
LLaMA (by Meta) 1 1.0%
Ernie Bot (by Baidu) 56 57.1%
iFLYTEK Spark (iFLYTEK) 19 19.4%
Tongyi (by Alibaba) 33 33.7%
None of these 0 0
Others (please specify) 9 9.2%
results while confidentiality of respondents by excluding names 3 | Results

and email addresses.

2.3 | Question Bank for ICE Simulated Exam

Studies show that specialised exam on LLMs demonstrate their
educational value in specific fields. This study focuses on the
most frequently used LLMs identified in the student question-
naire, specifically assessing their performance in ICE exams. The
questions for the simulated ICE exam were sourced from various
ICE courses available on the China MOOC platform, taught by
faculty teams from eight Chinese universities recognised for their
high standing in the ICE discipline. These courses provide stan-
dardised exam questions and reference answers, which constitute
the question bank for the LLM assessments. The question bank
encompasses eight sub-specialties within ICE. Visual content,
such as industrial control system diagrams and control scheme
block diagrams, was excluded due to the inability of current LLMs
to process such information. Ultimately, the final question bank
comprises 342 questions presented in their original Chinese form.

2.4 | Performance Assessment for LLMs on ICE
Simulated Exam

In our student survey, ChatGPT was the most frequently used
LLM among students. Here we assess the performance of GPT-3.5
and GPT-4 models on an ICE simulated exam. Assessment for
GPT-3.5 and GPT-4 models were conducted on June 16-18 and
June 15-17, 2024, respectively. Questions were manually input
into the ChatGPT interface, and model responses were com-
pared with reference answers from MOOC courses. The assess-
ment focused on model accuracy across various sub-specialties
and question types within ICE.

3.1 | Questionnaire Analysis of LLMs in ICE
Self-Study

3.1.1 | Basic Information of the Respondents

We collected 98 valid questionnaires from undergraduates
majoring in ICE. The group was 84% male and 16% female.
The age distribution was as follows: 35.7% were 21years old
(mostly third-year students), 33.6% were 22years old (mostly
fourth-year students) and 30.5% were 20years old (mostly
second-year students). All respondents had completed key
courses of the ICE curriculum like automatic control princi-
ples, engineering measurement techniques, and relevant lab-
oratory courses.

3.1.2 | Awareness of LLMs in Education Among
Respondents

Dimension 2 (Q8-Q10) assessed respondents’ awareness of
LLMs, including their understanding of basic concepts, fa-
miliarity with specific models, and knowledge of educational
applications. To ensure data accuracy, the questionnaire in-
cluded a ‘Not sure’ option for respondents with uncertain
views.

Responses to Q8 show that 99.0% of respondents understood
the basic concept of LLMs, indicating widespread recogni-
tion and growing interest in artificial intelligence among stu-
dents. These may pave the way for future LLM applications
in ICE self-study. Responses to Q9 show indicate that 99.0%
of respondents had encountered LLM applications in edu-
cation. Interviews reveal that most students learned about
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these applications through online forums and social media.
Responses to Q10 reveal how familiarity respondents with
specific models. ChatGPT (OpenAlI's GPT models) was known
to 100.0% of respondents. This was followed by Ernie Bot
(Baidu's ERNIE model), known to 57.1% of respondents, and
Tongyi (Alibaba's Qwen-7B model), known to 33.7%. Other
LLMs, such as Claude, LLaMA, and iFLYTEK Spark, also had
some familiarity among respondents.

Overall, these results indicate high recognition of LLMs among
respondents. However, there were notable differences in famil-
iarity across specific models. ChatGPT held the leading popu-
larity, likely due to its extensive global usage. Respondents also
showed greater familiarity with Chinese-developed LLMs, such
as Ernie Bot and Tongyi, which receive more promotion on
Chinese social media. In contrast, limited promotion of foreign
models like Claude and LLaMA on Chinese social media ap-
pears to reduce their visibility, thereby limiting their popularity
in China.

TABLE 3 | Survey data on LLMs usage for ICE self-study.

3.1.3 | Usage Habits of LLMs in ICE Self-Study Among
Respondents

Dimension 3 (Q11-Q14) investigated how respondents use LLMs
in ICE courses, focusing on focusing on the types of models em-
ployed, tasks undertaken and frequency of use. The results are
summarised in Table 3.

Response to Q11 show that 83.7% of respondents have used
LLMs for ICE self-study, compared to 16.3% for other courses.
This suggests a widespread acceptance of LLMs in ICE.
Regarding model types, Q12 responses reveal a clear preference
for specific LLMs among respondents. ChatGPT was the most
frequently used model (72.4%), followed by Baidu's Ernie Bot
(50.0%), Alibaba's Tongyi (28.6%), and iFLYTEK Spark (17.3%).
Foreign models, like Anthropic's Claude and Meta's LLaMA,
were less frequently chosen. The preference for specific models
is likely attributable to their accessibility, affordability, localised
support and marketing efforts. In contrast, foreign models face

Number
Question Options of votes  Percentage
Have you independently used LLMs in ICE- Yes, I have 82 83.7%
. . 9
related‘coursewgrk w1thqut teacher guidance? No, I have only used LLMs in other coursework 16 16.3%
(Q11: Single-choice question)
I have not used LLMs in my coursework 0 0.0%
What types of LLMs have you applied in your ChatGPT (by OpenAl) 71 72.4%
i o . IR
ICE r.elated coursework? (Q12: Multiple-choice Claude (by Anthropic) 0 0.0%
question)
LLaMA (by Meta) 0 0.0%
Ernie Bot (by Baidu) 49 50.0%
iFLYTEK Spark (iFLYTEK) 17 17.3%
Tongyi (by Alibaba) 28 28.6%
None of these 0 0.0%
Others (please specify) 9 9.2%
What specific tasks have you completed Problem-solving 57 58.2%
. . _ f) .
usmg LLMs 1.n ICE re.lated coursework? (Q13: Homework assistance 68 69.4%
Multiple-choice question)
Project and report generation 38 38.8%
Simulation Coding 21 21.4%
Data Analysis and Simulation 19 19.4%
Exam Preparation 4 4.1%
None of these 0 0.0%
Others (please specify) 0 0.0%
How frequently do you utilise LLMs in Daily (at least 4-5 times per week) 5 5.1%
) o o e
ICE r.elated coursework? (Q14: Single-choice Weekly (1-3 times per week) 31 31.6%
question)
Monthly (about 1-3 times per month) 39 39.8%
Rarely (less than once per month) 7 7.1%
Never 20 20.4%
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challenges due to restricted access, high costs and less promo-
tional activities in China.

Responses to Q13 indicate that LLMs are primarily used for
homework assistance (69.4%), problem-solving (58.2%), and
project/report generation (38.8%). Fewer respondents use LLMs
for simulation coding (21.4%), data analysis (19.4%), and exam
preparation (4.1%). These results suggest that LLMs are more
commonly applied to general tasks, with less frequent use in
specialised tasks.

Q14 investigates the frequency of LLM use among ICE students.
Among the 82 respondents who used LLMs for self-study, the
frequency ranged from daily to rarely. Specifically, 5 respon-
dents used LLMs 4-5 times per week (daily), 31 used them 1-3
times per week (weekly), 39 used them 1-3 times per month
(monthly), and 7 used them less than once per month (rarely).
The low use of LLMs for exam preparation may indicate stu-
dents’ unfamiliarity with their application in this context, or a
general perception that LLMs are not suited for this task. For
example, the monthly frequency corresponds with the timing of
group report assignments in ICE courses.

Overall, these findings suggest that LLMs facilitate ICE self-
study, especially for general tasks such as homework assistance,
while their application in specialised areas such as simulation
coding and data analysis remains in development. The varying
frequency of LLM usage reflects different levels of reliance on

TABLE 4 | Advantages and limitations of LLMs usage in ICE self-study.

these tools in ICE self-study. Enhancing teacher guidance and
promoting LLMs more widely may further increase their usage
and expand their applications.

3.1.4 | Post-Usage Feedback About LLMs in ICE
Self-Study Among Respondents

Dimension 4 (Q15-Q17) assessed post-usage feedback on LLMs
in ICE self-study, including advantages and challenges, as de-
tailed in Table 4. Regarding advantages (Q15), respondents re-
ported that LLMs boosted homework and project productivity
(73.4%), aided comprehension of complex topics (57.1%) and
facilitated rapid reference material access (33.7%). Only 4% of
respondents considered LLMs supported better preparation for
exams, consistent with finding in Dimension 3 regarding their
less usage in exam preparation. Additionally, 17.3% of respon-
dents, primarily fourth-year undergraduates, believed LLMs
improved technical writing, particularly for thesis preparation.

However, respondents faced several challenges with LLMs.
50.0% of respondents believed the models sometimes provided
inaccurate information, and 34.7% noted their limited effec-
tiveness in providing ICE-specific knowledge. This deficiency
echoes concerns in the literature that current LLMs lack ex-
pertise in engineering disciplines (Sobieszek and Price 2022).
Academic integrity is another significant issue. Approximately
88% of respondents who found LLMs helpful for academic

Number
Question Options of votes Percentage
What advantages have you Increased productivity in homework & projects 72 73.4%
observed from using LLMs - .
Enhanced understanding of complex topics 56 57.1%
in ICE-related coursework? £ P P 0
(Q15: Multiple-choice Rapid reference materials access 33 33.7%
question) Better preparation for exams 4 4.1%
Improved technical writing 17 17.3%
None of these 0 0.0%
Other (please specify) 0 0.0%
What challenges or Complexity of use 54 55.1%
limitations hav.e you . Inaccurate information 49 50.0%
encountered with LLMs in
ICE-related coursework? Limited ICE-specific knowledge 34 34.7%
Qie: .Multlple—chmce Data privacy concerns 18 18.4%
question)
Access costs 46 46.9%
Integration challenges with ICE tools 21 24.4%
Academic integrity concerns 15 15.3%
None of these 0 0.0%
Other (please specify) 0 0.0%
Do you believe LLMs Yes, they are suitable as supplementary tools 78 79.6%
are suitable for academic
Not sure/It depends on the sub-discipline 1 1.0%
studies in ICE? (Q17: /It dep P ’
Single-choice question) No, they are not suitable 19 19.4%
50f11
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writing (15 students form Q16) expressed concerns about aca-
demic integrity (17 students form Q15). This aligns with concerns
in recent literature (Mhlanga 2023). Furthermore, challenges
included operational difficulties, with 18.4% of respondents con-
cerned about data privacy, 55.1% citing the complexity of use,
and 46.9% highlighting high access costs. Regarding the suit-
ability of LLMs for ICE self-study, 79.6% of respondents consid-
ered them valuable adjuncts to ICE courses, while 19.4% were
uncertain, and 1.0% deemed them unsuitable. Interviews with
students who answered ‘Not sure’ or ‘No’ in Q17 expressed con-
cerns that the limited capabilities in image/video analysis and
Chinese processing of LLMs may reduce their effectiveness in
analysing control systems.

Based on this survey, several insights emerge. LLMs demonstrate
significant potential in improving learning efficiency and pro-
viding abundant resources to meet personalised learning needs.
However, current LLMs still face challenges in addressing the
demands of professional education. To better support deeper
learning in ICE courses, teachers should gradually explore appro-
priate application scenarios and effectively integrate LLMs into
teaching. Furthermore, developers should prioritise building spe-
cialised domain knowledge bases and strengthening data privacy
protections to maximise their value in engineering education.

3.2 | Performance Assessment of GPT Models on
ICE Simulated Exam

The questionnaire survey reveals that ChatGPT is the most fre-
quency used model among ICE students. The study subsequently
assessed its capacity to address ICE-specific problems through
a simulated ICE exam. The exam comprised 342 standardised
questions with reference answers, derived from multiple ICE
courses on the Chinese MOOC platform. The performance of
GPT-3.5 and GPT-4 models was compared across these ques-
tions to assess their accuracy and expertise in the ICE domain.

As shown in Table 5, GPT-3.5 correctly answered 234 out of
342 questions, achieving an accuracy of 68.42%, whereas GPT-4
achieved a higher accuracy of 82.16% by correctly answering 281
questions. The results were obtained without model fine-tuning
and only with Chinese prompts, indicating GPT-4's enhanced
ability to handle complex ICE-related questions. Further analy-
sisin Table 6 shows that GPT-4 correctly answered 214 of the 234
questions that GPT-3.5 also answered correctly, and improved
on 67 of the 108 questions that GPT-3.5 answered incorrectly.
However, 41 questions were not answered correctly by either
model. These findings suggest that, although GPT-4 shows no-
table improvements, it still has limitations in addressing certain
question types.

To more accurately evaluate model expertise in the simulated
ICE exam, the ICE questions were categorised into specific sub-
specialties. These sub-specialties are defined as follows:

« Fundamental Concepts: Core principles include feedback,
stability, controllability, observability and the dynamic be-
haviour of systems.

« Mathematical Modelling: The process of representing phys-
ical systems using differential equations, transfer functions
or block diagrams to characterise their dynamic behaviour.
These models often include linear, nonlinear, time-invariant
and time-varying system representations.

o Measurement Instruments: Devices used to acquire accurate
data from systems, such as sensors for position, velocity,
temperature, pressure and flow. High-precision instrumen-
tation ensures reliable feedback for control systems.

« Controllers and Control Laws: The design and imple-
mentation of control laws determine how systems re-
spond to disturbances and achieve desired performance.
Includes proportional-integral-derivative (PID) control-
lers, proportional-integral (PI) controllers, proportional-
derivative (PD) controllers and model predictive control
(MPC).

« Simple Control Systems: Systems involve single-input,
single-output (SISO) systems, where proportional, integral
or derivative control ensures steady-state performance and
basic stability.

« Complex Control Systems: Systems involve multi-input,
multi-output (MIMO) systems with interactions among
variables. Examples include cascade control system, ratio
control system, feedforward-feedback control system, uni-
form control system, selective control system, split-range
control system and dual control system.

Advanced Control Systems: Systems involve modern tech-
niques like adaptive control, optimal control and nonlinear
control to manage uncertainty, time-varying parameters or
nonlinear dynamics.

Classical Control Applications: These applications rely on
traditional control techniques. Examples include thermo-
stats, level control systems, distillation towers.

The ICE questions were categorised based on these sub-
specialties, with the percentages given for each category

TABLE 6 | Accuracy comparison of GPT-3.5 and GPT-4 in ICE
simulated exam (2X2 contingency table).

GPT-4 GPT-4
correct incorrect
TABLE 5 | Performance comparison of GPT-3.5 and GPT-4 on ICE Variable answer answer Total
simulated exam.
GPT-3.5 214 20 234
Variable GPT-3.5 GPT-4 correct
answer
Correct answer 234 281
GPT-3.5 67 41 108
Incorrect answer 108 61 .
incorrect
Accuracy 68.42% 82.16% answer
60f 11 European Journal of Education, 2025

85U SUOWIWOD dARERID 3|eotidde Uy Ag peusencd ke sap e YO ‘88N JO SaINI 104 ARIQIT BUIIUO AB]IM UO (SUORIPUOD-pUB-SLLLBYWOY B 1M"AReIq 1 [Bu1]UO//SANY) SUORIPUOD PUe S L 83 885 *[5202/T0/6T] o Arigiauliuo Asjim * ABojouyoe . % 20weids 104 ubURS JO AISIAIUN - N NX Ad Z262T PR R/TTTT 0T/10p/w00 /8| 1M ArIq1jeutjuo//Sduy Wwoi) pepeojumoq ‘T ‘S20Z ‘SEVESOrT



(Figure 1, listed from highest to lowest): Simple Control Systems
(25.15%), Complex Control Systems (18.13%), Fundamental
Concepts (17.84%), Mathematical Modelling (11.70%),
Measurement Instruments (9.06%), Controllers and Control
Laws (7.60%), Advanced Control Systems (5.85%) and Classical
Control Applications (4.68%).

The comparative analysis of GPT-3.5 and GPT-4 models reveals
significant performance differences across various ICE sub-
specialties. As illustrated in Figure 2, the accuracy of GPT-3.5
across sub-specialties is as follows: Fundamental Concepts
(78.69%), Mathematical Modelling (77.50%), Measurement
Instruments (54.84%), Controllers and Control Laws (65.38%),
Simple Control Systems (73.26%), Complex Control Systems
(64.52%), Advanced Control Systems (60.00%), and Classical
Control Applications (37.50%). In comparison, GPT-4 demon-
strates marked improvements in all sub-specialties, achieving
the following accuracies: Fundamental Concepts (86.89%),
Mathematical Modelling (90.00%), Measurement Instruments
(67.74%), Controllers and Control Laws (84.62%), Simple Control
Systems (87.21%), Complex Control Systems (75.81%), Advanced

4.68%

17.84% 5.85%

11.70% Total=342

9.06%

7.60% 25.15%

FIGURE1 |

18.13%

Control Systems (75.00%), and Classical Control Applications
(75.00%). The accuracy improvement of GPT-4 over GPT-3.5
ranges from 8.2% to 37.5%. Additionally, GPT-4 exhibits greater
stability, with accuracy fluctuations limited to a range of 22.26%
(from 67.74% to 90.00%), compared to GPT-3.5's broader fluc-
tuation of 41.19% (from 37.50% to 78.69%). This indicates that
GPT-4 not only performs more accurately but also maintains
greater consistency in solving ICE-related problems across di-
verse sub-specialties.

A detailed analysis of question type performance highlights the
advancements made by GPT-4. The ICE questions are catego-
rised into four types, with their respective proportions shown in
Figure 3a: Multiple Choice (38.60%), True/False (27.49%), Fill-
in-the-Blank (17.84%), and Multiple Response (16.08%). The ac-
curacy of GPT-3.5 for these question types is as follows: Multiple
Choice (71.97%), True/False (73.40%), Fill-in-the-Blank (72.13%)
and Multiple Response (47.27%). In contrast, GPT-4 achieves
significantly higher accuracy: Multiple Choice (85.61%),
True/False (85.11%), Fill-in-the-Blank (85.25%) and Multiple
Response (65.45%). The largest improvement is observed in

Fundamental Concepts
Mathematical Modeling
Measurement Instruments
Controllers and Control Laws
Simple Control Systems
Complex Control Systems
Advanced Control Systems
Classical Control Applications

Distribution of the 342-question dataset by ICE sub-specialties: Fundamental Concepts, Mathematical Modelling, Measurement

Instrumentations, Controllers and Control Laws, Simple Control Systems, Complex Control Systems, Advanced Control Systems and Classical

Control Applications.

GPT-3.5

m  GPT-4

Classical Control Applications =
Advanced Control Systems =
Complex Control Systems =
Simple Control Systems =

Controllers and Control Laws =

Subspecialties

Measurement Instruments =
Mathematical Modeling =

Fundamental Concepts =

100%

1
50%

—r—rt—TrTrrr
0% 50%
Percentage (%)

FIGURE2 | Accuracy comparison between GPT-4 and GPT-3.5 across various ICE sub-specialties.
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FIGURE 3 | (a) Distribution of the 342-question dataset by question type: Multiple Choice (MC), Multiple Response (MR), True/False(T/F), and
Fill-in-the-Blank (FIB). (b) Accuracy comparison of GPT-4 and GPT-3.5 across different question types in the ICE simulated exam.

Multiple Response questions, with an 18.18% increase. Other
question types also show notable increases: 13.64% for Multiple
Choice, 13.12% for Fill-in-the-Blank, and 11.71% for True/False
questions.

The comparison of GPT-3.5 and GPT-4 in a simulated ICE
exam reveals notable differences in three dimensions: over-
all accuracy, sub-specialty accuracy, and question type accu-
racy. These disparities can likely be attributed to variations in
training datasets and model architectures. The results empha-
sise the importance of considering such factors when selecting
and applying LLMs into educational settings to optimise their
effectiveness.

4 | Discussion

4.1 | Influences on LLMs Application in ICE
Courses

Based on results from the questionnaire and interviews, ICE
undergraduates generally demonstrate a high awareness of
LLMs, especially ChatGPT. However, notable differences
were observed in popularity of different models, likely influ-
enced by marketing efforts and personal usage habits. LLMs
are commonly used for homework and problem-solving but
are less adopted for complex tasks like simulation coding and
data analysis. This difference may be due to personalised
learning needs, task complexity and familiarity with LLMs.
Despite the widespread adoption of LLMs, challenges persist.
While 79.6% of respondents expressed a positive attitude to-
ward using LLMs for ICE self-study, some noted deficiencies
in the subject-specific expertise of these models. These lim-
itations occasionally result in inaccurate responses, particu-
larly when addressing specialised ICE topics. For example, in
asimulated ICE exam, accuracy, ChatGPT demonstrated good
accuracy, with GPT-3.5 achieving 68% and GPT-4 achieving
82%. However, both models struggled with certain questions,
highlighting the need for further improvement, including
model fine-tuning or guidance from teachers. Additionally,
students expressed concerns about several factors that impact

the adoption of LLMs. Key issues include data privacy, usage
costs, and academic integrity.

Based on these results, four key factors influence the LLMs ap-
plication in ICE courses:

1. Marketing Influence: The popularity of LLMs is signifi-
cantly affected by marketing efforts. Stronger promotion
enhances awareness and adoption of LLMs among stu-
dents. For example, Chinese models like Baidu's Ernie
Bot, Alibaba's Tongyi and iFLYTEK's Spark enjoy high
popularity among Chinese students due to effective lo-
calization and widespread promotion on Chinese social
platforms.

2. Technological Proficiency: The ability to effectively use
LLMs directly impacts learning outcomes. Students with
limited skills often face difficulties in formulating precise
queries or assessing response accuracy.

3. Personal Learning Needs: Personal learning needs range
from basic tasks (like homework assistance) to advanced
tasks (like simulation coding and data analysis). The
effectiveness of LLMs often depends on the complexity
of the task and the student ability to interact with the
models.

4. Trust in LLMs: The level of trust that students place in
LLMs directly influences their willingness to follow the
responses provided by these models. A lack of trust can
reduce engagement with the tool, while overreliance with-
out critical evaluation risks the acceptance of inaccurate or
misleading outputs.

4.2 | Strategies for Optimising LLMs Application
in ICE Courses

Most respondents wanted to use LLMs in ICE learning more
effectively through educators-led approaches. To achieve this
goal, educators can make improvements in the following four
aspects:
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1. Establishing an LLM platform that offers comprehensive
resources for self-study using LLMs. It should include
detailed tutorials on various LLMs and knowledge bases
for ICE courses. This approach enables student to become
more familiar with LLMs and develop their own model
training.

2. Providing technical training to equip students with es-
sential skills required for effectively using LLMs in their
self-study process. It should cover topics such as basic
interface operation, effective communicating and train-
ing commands. This approach help student in enhancing
their technological proficiency when using LLMs for ICE
self-study.

3. Conducting regular assessments on the learning progress
in using LLMs, paying attention to any difficulties they
may encountered when using these models, and provide
personalised guidance and advice according. This ap-
proach can help students to learn how to use LLMs to meet
different personal learning needs.

4. Establishing a trust mechanism by guiding students in
understanding the limitations of LLMs, and helping them
evaluate the reliability of answers generated by these
models independently. Meanwhile, educators should
encourage students to ask questions autonomously and
share insights. This approach will build trust in the use
of LLM tools.

Through these improvements, educators can help students to
make better use of LLMs for ICE self-study, as well as enhance
their technical application skills and professional knowledge
understanding.

4.3 | Future Application of LLMs in ICE Courses

ChatGPT is just one example of LLMs. Others, like Baidu's Ernie
Bot, Alibaba's Tongyi, iFLYTEK's Spark, Anthropic's Claude,
and Meta's LLaMA, have shown promise in education. These
models offer user-friendly application programming interfaces
for open innovation and customization. As LLMs continue to
evolve, they will be trained on more varied datasets, enabling
them to provide specialised knowledge, such as in ICE. Some
models can also process visual information, like images and vid-
eos. This enables them to analyse visual data like control system
diagrams, process response curves, signal flow graphs, as well
as related videos, thereby expanding their applicability in the
field of ICE.

4.4 | Limitations of This Study

The limitations of this study primarily lie in the restricted survey
respondents and the limited question bank. Firstly, the survey
respondents were exclusively undergraduates majoring in ICE at
the University of Shanghai for Science and Technology. This fact
restricts the generalizability of the survey results. Secondly, the
questions used in the simulated ICE exam were sourced from
China MOOC platforms, and excluded questions containing vi-
sual elements. Therefore, this simulated exam may not compre-
hensively represent the diversity of actual qualification exams,

making it difficult to conclusively determine whether ChatGPT
would meet the qualifications for instrument engineers and
control engineers. However, despite these limitations, this
study remains significant as it provides valuable insights into
the awareness and usage habits of students toward LLMs in ICE
self-study, as well as demonstrates the ability of LLMs to analyse
ICE-related information.

5 | Conclusion

The integration of LLMs in education is still in its early stages.
This paper examines ICE as a case study. A survey was con-
ducted to evaluate the awareness and usage habits of ICE un-
dergraduates at the University of Shanghai for Science and
Technology, regarding LLMs in self-study. Results showed
that ChatGPT is the most popular model, used by 72.4% of re-
spondents. Furthermore, 79.6% of ICE students had a positive
attitude toward LLMs in ICE self-study. To further assess the ef-
fectiveness of ChatGPT in ICE self-study, we tested GPT-3.5 and
GPT-4 models in a simulated ICE exam. GPT-4 showed better
understanding of complex control information with an 82.16%
accuracy, surpassing GPT-3.5's 68.42%. GPT-3.5's accuracy var-
ied by 41.19% across ICE sub-specialties, while GPT-4's variation
was only 22.26%, indicating more consistent performance across
sub-specialties. For different question types, GPT-3.5's accuracy
varied between 47.27% and 73.40%, whereas GPT-4's ranged
from 65.45% to 85.61%, highlighting notable performance dif-
ferences. Finally, we identified key factors influencing students'
use of LLMs for ICE self-study, such as marketing efforts, tech-
nological proficiency, personalised learning needs, and trust in
LLMs. Additionally, we proposed suggestions to educators for
improving LLMs' effectiveness in ICE learning, including estab-
lish an LLM platform, provide technical training, conduct regu-
lar assessments, and establish a trust mechanism.
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