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Abstract. Generative artificial intelligence (AI) is rapidly reshaping the landscape of higher 
education. However, how students interact with these tools in quantitative learning contexts 
remains underexplored. This study examines student-AI interaction patterns, common 
sources of error in AI-generated solutions, and students’ perceptions of generative AI in the 
context of linear programming. In the assignment, students solved problems manually and 
then engaged with generative AI, critically reviewing AI-generated outputs through itera
tions. The results reveal that whereas AI-generated responses often correctly formulated 
decision variables, objective functions, and constraints, errors frequently arose during the 
solution stage, particularly in identifying feasible regions and corner points. Students fre
quently characterized generative AI as conditionally useful: generative AI was regarded as 
valuable when used appropriately, but insufficient for fostering deeper conceptual learning. 
Perceived learning benefits were strongly associated with students’ perceptions of reliability, 
overall experience, and intentions for future use. These findings highlight the importance of 
student-AI interaction in shaping outcomes and underscore the need to develop students’ 
ability to guide and critically evaluate AI-generated solutions. The study offers practical 
insights for instructors integrating AI into quantitative coursework and highlights directions 
for future research in AI literacy and instructional design.

Keywords: generative AI in education • pedagogical research • developing critical thinking skills • teaching with technology

1. Introduction
The development of generative artificial intelligence 
(AI) has made significant impacts on our daily lives and 
society, with even greater implications on higher educa
tion. Whereas traditional AI has long been a valuable 
tool in education, its applications have typically been 
limited to predefined, rule-based systems that draw on 
prebuilt resources (e.g., AI-enabled proctoring and 
exam monitoring (Slusky 2020, Nigam et al. 2021), pre
dictive analytics in learning management systems 
(Cavus 2010, Nenkov et al. 2016), plagiarism detection 
(Chitra and Rajkumar 2016, Sahu 2016), and adaptive 
feedback systems (Wambsganss et al. 2025)). In contrast, 
generative AI marks a new era in education with its abil
ity to produce original outputs such as text, images, and 
music (Marr 2023). This generative capability creates 
new possibilities for enhancing both teaching and learn
ing in higher education. For example, generative AI 
helps provide students with personalized learning 
experiences. As it is capable of producing humanlike 
text and providing context-aware response in real time, 

it dynamically generates original educational content, 
which is tailored to each student’s needs (Binhammad 
et al. 2024, Wu et al. 2025). The capability of generative 
AI to make real-time adjustments to each student’s 
needs can boost students’ engagement, motivation, 
understanding, and performance (Kasneci et al. 2023, 
Jauhiainen and Garagorry Guerra 2024, Do et al. 2025, 
Herrero 2025). In addition to enhancing student learn
ing, generative AI also provides benefits for educators 
(Lu et al. 2024a). It can assist routine tasks such as draft
ing course announcements and emails and creating 
study guides, practice exams, and review materials 
(Hashem et al. 2024, Moorhouse et al. 2024). Generative 
AI can also assist in writing grading rubrics, streamlin
ing grading processes, and generating timely personal
ized feedback (Li et al. 2024, Lu et al. 2024b). Therefore, 
generative AI enables instructors to put more effort into 
core instructional activities.

Despite the aforementioned benefits, the use of gener
ative AI also raises challenges and concerns. One major 
concern is that students are becoming increasingly 
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overreliant on generative AI, which reduces students’ 
opportunities to develop problem-solving skills and 
critical thinking (Lee et al. 2025, Qu et al. 2025). Higher 
education is intended to foster intellectual growth by 
exposing students to new ideas and promoting deep 
engagement with learning—through critical thinking 
and independent problem-solving and reasoning (Boyer 
Commission on Educating Undergraduates in the 
Research University 1998, Pascarella and Terenzini 2005). 
However, with the growing availability of generative AI, 
some students may increasingly rely on generative AI, 
especially when they are working on assignments and 
exams, instead of working on their own. Kosmyna et al. 
(2025) conducted a study comparing brain activity dur
ing the timed writing activity across three groups: one 
using OpenAI ChatGPT, another using any search 
engines, and the other group without any digital tools. 
When participants’ brain activity was monitored during 
the writing tasks, the group using ChatGPT demon
strated significantly reduced neural connectivity and 
engagement in brain areas associated with memory, 
attention, and executive function relative to the other 
groups. Moreover, when participants were asked to 
recall their essays, the group using ChatGPT showed 
poorer memory recall compared with the other groups. 
These findings suggest that reliance on AI assistance may 
negatively affect critical thinking skills and ultimately 
weaken cognitive abilities.

This issue is also tied to another widely discussed con
cern in higher education: academic integrity (Stokel- 
Walker 2022, Kofinas et al. 2025, Walsh 2025). Whereas 
using generative AI in productive and ethical ways 
can support learning, the misuse of generative AI— 
particularly during exams or assignments without critical 
engagement—raises significant concerns about academic 
integrity. When students use the AI-generated output for 
graded assignments, instructors struggle to accurately 
assess each student’s understanding. Although various 
AI detection tools have been developed, they are not con
sistently reliable, as both false positives and false nega
tives can be produced (Elkhatat et al. 2023, Perkins et al. 
2024). Hence, this makes it increasingly difficult for edu
cators to distinguish between authentic student work 
and content produced by generative AI. According to a 
recent survey of college and university leaders, 59% of 
respondents reported an increase in student cheating 
since the large language models (LLMs) were intro
duced, with 21% saying a significant increase. Addition
ally, 54% indicated that faculty at their institutions are 
unable to reliably identify AI-generated content (Flaherty 
2025). This finding reinforces the view that generative AI 
poses a significant challenge to academic integrity within 
higher education.

An additional concern is that generative AI does not 
always produce accurate or reliable responses. Recent 
research highlights that LLMs, which underpin many 

widely used generative AI tools, often generate confi
dently stated yet incorrect responses—a phenomenon 
known as hallucination (Ji et al. 2023, Farquhar et al. 
2024, Takita et al. 2025). In particular, as LLMs were 
originally designed for language-related tasks (e.g., text 
generation, question answering, translation), they some
times make mistakes in quantitative reasoning or 
problem-solving tasks. There exists some research testing 
the accuracy of generative AI on some reasoning or quan
titative tasks (Dao and Le 2023, Li et al. 2023, Wang et al. 
2025, Xu et al. 2025). Dao and Le (2023) examined 
ChatGPT’s performance on multiple-choice questions 
from the Vietnamese National High School Graduation 
Examination. The study found that as the difficulty level 
increased, the accuracy of ChatGPT dropped sharply, 
reaching as low as 10%. Xu et al. (2025) evaluated the per
formance of seven LLMs, including OpenAI GPT-3, 
GPT-4, and Google Gemini (previously BARD), using a 
benchmark of logical reasoning tasks categorized into 
deductive, inductive, abductive, and mixed-form reason
ing settings. Their findings reveal that all models demon
strated specific limitations in logical reasoning, showing 
evident weakness with inductive reasoning. Notably, 
ChatGPT underperformed across all reasoning types— 
deductive, inductive, and abductive. These empirical 
findings underscore that generative AI, although promis
ing, cannot yet be considered a consistently reliable tool 
for quantitative or reasoning tasks. Therefore, the combi
nation of students’ overreliance on generative AI and its 
inaccurate outputs further presents a significant concern 
for learning in quantitative and analytical subjects, as stu
dents who depend on these tools without the ability to 
critically evaluate the correctness of outputs risk internal
izing incorrect or flawed information.

As generative AI becomes an inevitable presence in 
higher education, it is important to integrate it into cur
ricula and to teach students how to use it effectively 
while critically evaluating the outputs. Despite its 
importance, there exist significant gaps in the literature. 
Prior studies have largely focused on the accuracy of 
LLMs, language-based tasks, and general perceptions of 
AI. To the best of our knowledge, research has not yet 
extended to generative AI in the domain of linear pro
gramming, which is a cornerstone of the operations 
research and management science curriculum. Specifi
cally, no prior work has provided empirical evidence 
that jointly examines students’ interactions with genera
tive AI, objective evaluations of generative AI, and stu
dents’ perceptions of generative AI along with their 
academic performance. Guided by this gap, this study 
examines the following research questions: 
• What patterns of error and limitation emerge 

in AI-generated solutions to linear programming 
problems?
• How do students interact with and perceive gener

ative AI in solving linear programming problems?
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The organization of the rest of this paper is as follows. 
Section 2 provides an overview of the study, including 
the assignment design, postassignment survey ques
tions, and participant details. Section 3 presents the key 
findings of the study, focusing on the accuracy of gener
ative AI tools and students’ perceptions of these tools. 
Lastly, Section 4 summarizes the main findings, high
lights the contributions, outlines the study’s limitations, 
and suggests directions for future research.

2. Study Design and Methodology
This section outlines the instructional context and meth
odological framework of the study. We describe the 
design of the linear programming assignment integrating 
generative AI, the survey instrument used to capture stu
dents’ perceptions, and the characteristics of the course 
and participants in which the study was conducted.

2.1. Assignment Structure
The assignment “Linear Programming with Generative 
AI” consisted of three basic linear programming ques
tions with two decision variables. The full text of the 
assignment questions is provided in Appendix A.

The purpose of the assignment was fourfold: (1) to 
strengthen students’ understanding of linear program
ming concepts, (2) to practice in formulating linear pro
gramming models in real-world business contexts, (3) to 
compare student-generated solutions with those pro
duced by generative AI, and (4) to critically evaluate the 
accuracy and reliability of AI-generated outputs.

The assignment consists of two parts: manual 
problem-solving and AI-based problem-solving. In the 
manual problem-solving part, students were asked to 
solve three linear programming problems without using 
generative AI. For each problem, they were asked to pro
vide clear descriptions of the decision variables, objective 
function, and constraints in words before translating 
them into mathematical notation. Subsequently, students 
formulated the linear programming model by expressing 
the objective function, constraints, and decision variables 
in formal mathematical notation. To solve the problem 
manually, students were directed to use the corner point 
approach, including a graphed feasible region, identifica
tion of corner points, and determination of the optimal 
solution. After completing the manual problem-solving 
part, students used a generative AI platform of their 
choice to solve the same problems. Although students 
designed their own prompts, they were required to ask 
the AI to provide the linear programming formulation, 
graph the feasible region, identify the corner points of the 
feasible region, and find the optimal solution. They were 
also tasked with refining the responses from AI through 
at least three iterations of chat to ensure meaningful inter
action. Finally, students compared their manual solutions 
with the AI-generated ones, focusing on differences in 

accuracy, formulation, and clarity; refer to Appendix A
for instructions given to students.

2.2. Postassignment Survey
Following the completion of the assignment, students 
were asked to complete a survey to share their percep
tions of using generative AI in solving quantitative pro
blems. Specifically, students were asked to indicate 
which generative AI platform they used and respond to 
the questions about perceived impact on learning (Davis 
1989) and critical thinking (Facione 1990, Lee et al. 2025), 
performance and reliability (Jian et al. 2000, Hoffman et al. 
2023), and user experience (Davis 1989, Lu et al. 2022, 
Hoffman et al. 2023) through a five-point scale, and the 
survey was open-ended. The full list of questions is 
shown in Table B.1 in Appendix B. These survey ques
tions collectively capture multiple key dimensions of stu
dents’ perceptions of generative AI use in quantitative 
learning contexts.

2.3. Participants
This study was conducted at a regional public institution 
in an asynchronous online, undergraduate-level opera
tions management course during the spring 2025 semes
ter, with the assignment administered in week 5 of the 
eight-week term. The course was composed of junior 
and senior students across various business disciplines. 
Among the total of 44 students enrolled in the course, 35 
students (77%) agreed to participate in the study. Note 
that participation was voluntary and approved by the 
institutional review board of the institution.

3. Results
This section presents the empirical findings of the study. 
We begin by reporting students’ choice of generative AI 
platforms and the accuracy of AI-generated responses 
across questions and platforms. We then summarize 
students’ perceptions of generative AI use through 
descriptive statistics and thematic analysis of open- 
ended responses. Finally, we examine the relationships 
among perception measures and their associations with 
academic performance.

3.1. Generative AI Platform Chosen
In this assignment, students were allowed to choose any 
generative AI platforms they liked. Table 1 summarizes 
students’ use of different AI platforms, showing the num
ber of students who reported using each platform. 
Among 35 participating students, 25 students (71.4%) 
reported using OpenAI ChatGPT, making it the most 
commonly selected tool. Six students (17.1%) reported 
using Google Gemini, and two students (5.7%) reported 
using both ChatGPT and Gemini—one used both plat
forms for the same question, whereas the other used 
Gemini for one question and ChatGPT for the remaining 
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two. One student (2.9%) used Microsoft Copilot, and one 
student (2.9%) completed only the handwritten portion 
of the assignment; hence, this was recorded as “no 
response.”

Table 1. Generative AI Tool Usage

Tool/category Number of students (%)

ChatGPT 25 (71.4)
Gemini 6 (17.1)
ChatGPT and Gemini 2 (5.7)
Copilot 1 (2.9)
No response (manual only) 1 (2.9)
Total 35 (100)

Note. Most students used ChatGPT.

3.2. Accuracy of Reported Generative 
AI Responses

The assignment consisted of three linear programming 
questions; however, not all students completed every 
question in the manual problem-solving and AI-based 
problem-solving components. Specifically, 28 out of 35 
students submitted responses for question 1, whereas 
27 students completed questions 2 and 3.

Table 2 presents the accuracy of generative AI 
responses, excluding nonresponses. Correctness of the 
reported generative AI responses was evaluated by ver
ifying whether the reported responses corresponded to 
the true optimal solution. The correct response rates 
were 57.1% for question 1, 25.9% for question 2, and 
66.7% for question 3. It is important to note that for stu
dents who used both ChatGPT and Gemini, a response 
was counted as correct if at least one of the platforms 
produced the correct solution.

The accuracy of generative AI responses by question 
and platform is summarized in Table 3. Note that the 
table excludes nonresponses. Additionally, for students 
who reported using both ChatGPT and Gemini, their 
responses were counted under both platforms, which 
explains why the total number of responses is one greater 
than the total number of students who responded.

Given that over 70% of students reported using 
ChatGPT, the overall accuracy results primarily reflect 
ChatGPT-generated responses. The results for other 
platforms are based on a small number of observations 
and should therefore be interpreted as descriptive 
rather than as evidence of systematic performance dif
ferences across platforms.

To provide additional context, students’ manual 
problem-solving accuracy ranged from 42.9% to 62.9% 
across the three questions. Accuracy was highest for 
question 3 and lowest for question 2, with fewer than 
half of students answering questions 1 and 2 correctly. 
These results indicate moderate variation in students’ 
manual solution performance across problem types. For 
readers interested in how students performed on the 

manual problem-solving portion of the assignment, a 
summary of the accuracy of manually solved student 
responses by question is presented in Table C.1 in 
Appendix C.

Table 2. Accuracy of Generative AI Responses by Question 
(Excludes Nonresponses)

Question Correct (%) Incorrect (%) Total responses

Q1 16 (57.1) 12 (42.9) 28
Q2 7 (25.9) 20 (74.1) 27
Q3 18 (66.7) 9 (33.3) 27

3.3. Diagnostic Analysis of AI-Generated Solu
tions and Student Interaction

To better understand the sources of inaccuracies in the 
solutions from generative AI, we conducted a diagnos
tic analysis of incorrect responses. Each response was 
examined to identify whether errors occurred during 
model formulation (i.e., defining decision variables, 
objective function, and constraints) or during the solution 
process (i.e., identifying the feasible region, determining 
corner points, and evaluating the objective function).

Overall, generative AI models performed well in the 
formulation stage; decision variables were correctly 
defined, and both the objective function and constraints 
were accurately specified. This suggests that generative 
AI is generally effective at translating problem descrip
tions into mathematical models.

Table 3. Accuracy of Generative AI by Question and by 
Generative AI Platform

Question ChatGPT (n/N) Gemini (n/N) Copilot (n/N)

Q1 52.2 (11/22) 83.3 (5/6) 0.0 (0/1)
Q2 29.2 (7/23) 0.0 (0/4) 0.0 (0/1)
Q3 75.0 (18/23) 0.0 (0/4) 0.0 (0/1)

Note. n, number of students who reported an accurate generative AI 
response; N, number of students who used that platform and 
responded to the question.

However, the majority of errors occurred during the 
solution stage, particularly in the application of the 
corner-point method. Many incorrect responses were 
associated with misidentification of the feasible region, 
which ultimately led to the selection of invalid corner 
points that did not satisfy all constraints. For example, 
in question 3, several AI-generated responses selected 
the point (5, 5) as the optimal solution (see Figure 1). 
Although the constraint 10x+ 25y ≥ 350 was correctly 
specified, some AI-generated solutions incorrectly 
represented this constraint as 10x+ 25y ≤ 350 when 
constructing the feasible region. Whereas the point (5, 5)
satisfies the minimum hour constraints (x ≥ 5, y ≥ 5), it 
does not satisfy the task requirement constraint and 
therefore is not part of the feasible region. Despite 
correct model formulation, the failure to accurately 
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represent and evaluate feasibility resulted in an incor
rect final answer. As a result, the evaluation of the 
objective function was often based on incorrect corner 
points, leading to erroneous solutions. This pattern was 
consistently observed across multiple student submis
sions, where correct formulations were followed by 
incorrect corner-point identification.

Figure 1. Example of an Incorrect AI-Generated Solution for 
Question 3 

Note. The constraint 10x+ 25y ≥ 350 is correctly specified; however, 
the feasible region is incorrectly constructed below the constraint line.

These findings indicate that whereas generative AI 
demonstrates strong capability in model formulation, it 
is less reliable in executing multistep solution procedures 
that require geometric interpretation and constraint vali
dation. This distinction highlights that inaccuracies are 
not primarily because of misunderstanding the problem 
structure but, rather, because of challenges in systemati
cally applying solution methods such as identifying feasi
ble regions and evaluating corner points.

In addition to analyzing the sources of inaccuracies in 
AI-generated solutions, we examined students’ interac
tions with generative AI to better understand how 
prompt design and usage patterns are associated with 
outcomes.

First, students who obtained correct solutions tended 
to use more specific prompts. Many students relied on 
minimal prompts by directly copying the problem state
ment without additional clarification or guidance, which 
often resulted in incomplete or incorrect solutions— 
particularly in identifying feasible regions and corner 
points.

Second, students who obtained correct solutions also 
tended to engage in more iterative interaction. Those 
who refined AI responses through multiple iterations— 
such as asking follow-up questions about corner points 
or requesting clarification of intermediate steps—were 

more likely to identify and correct initial errors. How
ever, iterative prompting did not always guarantee 
improvement. In some cases, additional interactions 
introduced new inconsistencies or altered previously cor
rect answers, highlighting limitations in the stability of 
AI-generated reasoning in multistep quantitative tasks at 
the time of data collection. This pattern suggests that 
effective use of generative AI in quantitative problem- 
solving depends not only on the model’s capabilities but 
also on the user’s ability to guide and critically evaluate 
the interaction process.

AI Response (excerpt):
Step 3: Optimal Solution
At (0, 20):

Revenue � 3(0) + 5(20) � 100
At (13:33, 0):

Revenue � 3(13:33) + 5(0) � 40
At (0, 24):

Revenue � 3(0) + 5(24) � 120
The maximum revenue is 120, which occurs at (0, 24).
Student Follow-up:
“(0, 24) is not a valid response.”
AI Response (excerpt):
“You’re right! I made a mistake in the previous steps. Let’s go 

through the problem again and carefully calculate the correct 
corner points and the optimal solution.”

(excerpt shortened for brevity)
Step 4: Evaluate the Objective Function
At (0, 20):

Revenue � 3(0) + 5(20) � 100
At (13:33, 0):

Revenue � 3(13:33) + 5(0) � 40
The maximum revenue is 100.
Student Follow-up:
“Did you include the origin (0, 0) as one of the corner points?”
AI Response (excerpt):
“You’re absolutely right. I missed considering the origin (0, 0) as 

a possible corner point. Let’s reanalyze the problem, including 
all possible corner points.”

To illustrate these interaction patterns, we present a 
representative example of student-AI interaction (the 
full student-AI interaction for this example is provided 
in Figure D.1 in Appendix D).

3.4. Students’ Perception on Generative AI
This subsection presents student responses to the post
assignment survey, which explored their perceptions of 
using generative AI in linear programming. The survey 
focused on four key areas: Impact on Learning, Critical 
Thinking, Performance and Reliability, and User Experience 
and Future Use. Table 4 provides descriptive statistics 
for the five-point scale items, whereas Table 5 sum
marizes themes and representative quotes from the 
open-ended responses. The open-ended responses were 
analyzed using a combination of manual thematic cod
ing, guided by human interpretation, and computa
tional topic modeling implemented in Python.
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Table 4. Postassignment Survey Responses on Generative AI Usage in Linear Programming (N � 35)

Category Survey question (scale) 1 2 3 4 5 Mean (SD)

Impact on 
Learning

Did using generative AI platforms 
help you better understand linear 
programming concepts? (1 � not at 
all, 5 � very much)

6 (17.1%) 10 (28.6%) 6 (17.1%) 9 (25.7%) 4 (11.4%) 2.86 (1.31)

Do you feel more confident in your 
ability to solve linear programming 
problems after validating answers 
from generative AI platforms? 
(1 � not at all, 5 � very much)

5 (14.3%) 5 (14.3%) 8 (22.9%) 10 (28.6%) 7 (20.0%) 3.26 (1.34)

Critical 
Thinking

Do you feel that using generative AI 
platforms improved your critical 
thinking skills? (1 � not at all, 
5 � very much)

7 (20.0%) 9 (25.7%) 8 (22.9%) 6 (17.1%) 5 (14.3%) 2.80 (1.35)

How confident are you in identifying 
errors in solutions provided by 
generative AI platforms? (1 � not 
confident at all, 5 � very confident)

5 (14.3%) 4 (11.4%) 11 (31.4%) 12 (34.3%) 3 (8.6%) 3.11 (1.18)

Performance 
and Reliability

How accurate were the solutions 
provided by ChatGPT, Gemini, or 
other generative AI platforms? (1 �
very inaccurate, 5 � very accurate)

0 (0.0%) 7 (20.0%) 12 (34.3%) 12 (34.3%) 4 (11.4%) 3.37 (0.94)

How reliable do you think generative 
AI platforms are for solving linear 
programming problems? (1 � not 
reliable at all, 5 � very reliable)

2 (5.7%) 9 (25.7%) 12 (34.3%) 9 (25.7%) 3 (8.6%) 3.06 (1.06)

User Experience 
and Future Use

Do you plan to use generative AI 
platforms for future quantitative 
assignments? (1 � definitely not, 
5 � definitely yes)

12 (34.3%) 8 (22.9%) 6 (17.1%) 8 (22.9%) 1 (2.9%) 2.37 (1.26)

What was your overall experience 
using generative AI for this 
assignment? (1 � very negative, 
5 � very positive)

1 (2.9%) 1 (2.9%) 8 (22.9%) 14 (40.0%) 11 (31.4%) 3.94 (0.97)

Notes. Percentages may not sum to 100% because of rounding. Students reported relatively low gains in understanding linear programming and 
critical thinking, and they expressed limited intentions to use AI for future assignments. SD, standard deviation.

Table 5. Themes from Open-Ended Survey Responses on Generative AI in Learning Contexts

Theme n (%) Representative quotes

Impact on learning
Conditional usefulness 16 (46%) “I think that generative AI could be helpful if used correctly”; “Helpful for 

those who are curious, but not necessarily for in depth learning.”
Valuable for learning 13 (37%) “It is a valuable tool for learning because it can show you the correct steps 

and figure out some mistakes that you missed, which it did for me.”
Not valuable 5 (14%) “It just gives you an answer without explaining.”
Ethical concerns 2 (6%) “I think it is a very valuable tool for learning as long as, it is not used in a 

manner to plagiarize cheat, or any dishonest manner.”
Risk of overdependence 2 (6%) “It may also have some drawbacks as students may rely on it without actually 

completing the work hence students may not fully grasp the material.”
Performance and reliability

Quality and accuracy issues 12 (34%) “Some of the results show limited accuracy, especially during complex 
mathematical computations.”

Need for specificity in prompts 10 (29%) “You need to be very specific with what you want to be answered.”
Limited visual representation 10 (29%) “Generative AI responses don’t provide visuals, like graphs.”
Lack of step-by-step explanations 8 (23%) “There was minimal explanation between the steps and the processes.”
Inconsistency in responses 7 (21%) “I also came to the conclusion that it has multiple answers for the same 

question which can cause confusion for students who don’t understand the 
material.”

Notes. n denotes the number of responses associated with each theme; percentages do not sum to 100% because individual students could report 
multiple themes. Students identified both benefits and limitations of using AI in learning contexts.
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3.4.1. Measurement Reliability. Before presenting the 
survey results, internal consistency reliability was 
assessed for each multi-item construct using Cronbach’s 
alpha. Given that each construct was measured using 
two items, Cronbach’s alpha was computed alongside 
interitem correlations, which provide an appropriate 
assessment of reliability for short scales. The results indi
cate acceptable to strong internal consistency for most 
constructs. Specifically, Impact on Learning (α � 0:7470) 
and User Experience and Future Use (α � 0:7246) dem
onstrated acceptable reliability, whereas Performance 
and Reliability showed excellent internal consistency 
(α � 0:9271). These results suggest that the items within 
these constructs are reasonably consistent in capturing 
their intended concepts. In contrast, the Critical Thinking 
construct exhibited relatively low internal consistency 
(α � 0:3931), reflecting both the limited number of items 
and the relatively weak correlation between them. This 
suggests that the two items under this construct— 
perceived improvement in critical thinking skills and 
confidence in identifying errors in AI-generated 
responses—may capture related but distinct aspects of 
students’ experiences. Accordingly, results associated 
with the Critical Thinking construct are interpreted with 
caution, and the two items are considered individually in 
subsequent analyses rather than as a unified scale.

3.4.2. Impact on Learning. Whereas students generally 
did not perceive generative AI as significantly improv
ing their understanding of linear programming con
cepts (mean � 2:86), their confidence in solving such 
problems showed a modest increase after validating 
their answers with AI (mean � 3:26). To further explore 
students’ experiences, an open-ended question asked: 
“Do you think generative AI platforms are valuable tools 
for learning? Why or why not?” Responses revealed a 
range of perspectives. The most common response was 
that its usefulness is conditional (46%), with students 
emphasizing that generative AI can be helpful when 
used appropriately or to supplement the existing knowl
edge, but less effective for deeper conceptual learning. A 
substantial proportion of students (37%) considered gen
erative AI to be generally valuable, particularly in reinfor
cing understanding and assisting in the identification 
of errors. In contrast, a smaller group (14%) perceived 
generative AI as not valuable, pointing to its tendency 
to provide answers without sufficient explanation. 
Additionally, a minority of students raised concerns 
related to academic integrity (6%), whereas another group 
(6%) raised concerns about overdependence, noting that 
reliance on AI could limit deeper understanding.

3.4.3. Critical Thinking. Students reported moderate 
confidence in their ability to identify errors in AI- 
generated responses (mean� 3:11). Despite this moderate 
confidence, students expressed relatively low agreement 

that the use of generative AI improved their critical think
ing skills (mean� 2:80). This suggests that whereas stu
dents feel moderately capable of evaluating AI outputs, 
they are less convinced that interacting with AI substan
tially enhances their critical thinking skills.

3.4.4. Performance and Reliability. The majority of stu
dents perceived AI-generated solutions as generally or 
somewhat accurate (mean� 3:37) and expressed simi
larly moderate views of reliability (mean � 3:06). The 
open-ended responses to the question, “What limitations 
or weaknesses did you notice in the responses from gen
erative AI platforms?” offer insight into the limitations 
they encountered. The most frequently reported limi
tation was quality and accuracy (34%), with students 
noting that AI-generated responses were sometimes inac
curate. Another common limitation was the need for spe
cificity in prompts (29%), as students emphasized that 
useful responses often required carefully phrased input. 
The same proportion of students (29%) reported limited 
or missing visual representations, which they considered 
important for understanding. In addition, students 
highlighted the lack of step-by-step explanations (23%), 
reporting that responses often presented final answers 
without sufficient explanation of intermediate steps. 
Lastly, some students (21%) identified inconsistencies 
across outputs, observing that identical prompts yielded 
different outputs across attempts.

3.4.5. User Experience and Future Use. Students 
reported a positive overall experience with generative AI 
tools (mean� 3:94). This indicates a generally favorable 
perception toward generative AI-assisted learning exp
eriences in quantitative assignments. However, despite 
this moderately positive experience, students’ inten
tions to use generative AI for future quantitative assign
ments were considerably lower (mean� 2:37), with 
57.2% of respondents indicating negative intentions 
toward future use.

3.5. Relationships Among Students’ Perceptions 
of Generative AI

Beyond the descriptive statistics, which focus on the 
responses to each question, correlation analyses were 
conducted to examine relationships across students’ 
perceptions (see Figure 2). Spearman’s rank correlation 
coefficients (rs) and their associated p-values were com
puted; the full results are reported in Table E.1 in 
Appendix E. Consistent with Cohen (2013) guidelines, 
correlations with absolute values above 0.50 were inter
preted as strong correlations. All reported relationships 
are correlational and do not imply causal or mediating 
effects.

First, the extent to which students felt they under
stood linear programming was strongly associated with 
other perceptions. Specifically, students who reported 
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higher levels of understanding also indicated stronger 
confidence in solving problems (rs � 0:5962, p < 0:001), 
higher self-reported improvement in critical thinking 
skills (rs � 0:6182, p < 0:001), and higher ratings of accu
racy (rs � 0:5204, p � 0:001) and reliability (rs � 0:5366, 
p < 0:001). Most notably, perceived understanding was 
very strongly correlated with both intentions for future 
use (rs � 0:7002, p < 0:001) and overall experience (rs �

0:7258, p < 0:001). These results suggest that students’ 
trust in and willingness to adopt generative AI are closely 
associated with their perceived learning benefits (i.e., 
understanding the concepts well).

Figure 2. Correlation Results Among Students’ Perceptions of Generative AI 

Note. Perceived understanding LP and confidence in solving LP were strongly associated with overall experience and the intention for future use.

Moreover, confidence in solving LP after validating 
AI outputs was positively associated with perceptions 
of reliability (rs � 0:5039, p � 0:002), future use (rs �

0:5708, p < 0:001), and overall experience (rs � 0:6527, 
p < 0:001). These findings suggest that students who 
reported greater confidence also tended to report higher 
levels of perceived reliability, more positive overall 

experiences, and stronger intentions to use generative 
AI in the future. This relationship may partly reflect 
underlying differences in student ability, whereby 
higher-performing students tend to report greater con
fidence rather than indicating a directional or causal 
effect. This pattern is consistent with self-determination 
theory (Deci and Ryan 2012), which identifies perceived 
competence as a key psychological need supporting 
intrinsic motivation.

Lastly, given the low internal consistency of the Critical 
Thinking measure, the associated items are interpreted 
individually rather than as a unified construct. In particu
lar, confidence in identifying errors in AI-generated 
responses was positively associated with perceived accu
racy (rs � 0:5273, p � 0:001), intentions for future use 
(rs � 0:5881, p < 0:001), and overall experience (rs �

0:5325, p < 0:001).
In contrast, average ratings of perceived improvement 

in critical thinking were modest in the descriptive results. 
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This pattern suggests that whereas students reported 
moderate confidence in evaluating AI-generated outputs, 
such confidence does not necessarily translate into 
broader perceived gains in critical thinking skills. Rather, 
students who felt more capable of identifying errors in AI 
responses also tended to report higher levels of trust in 
AI and greater willingness to adopt it in the future.

More broadly, whereas descriptive statistics indicated 
only moderate enthusiasm overall, the correlational evi
dence suggests that students who perceived greater 
educational value—particularly in terms of conceptual 
understanding and confidence in solving LP problems— 
were more likely to express intentions for continued use 
of generative AI.

3.6. Relationship Between Students’ Perceptions 
of Generative AI and Academic Performance

In addition to the relationship between students’ percep
tions, we calculated Spearman correlation coefficients 
with associated p-values between students’ perceptions 
of generative AI and their academic performance, focus
ing on scores from this assignment and the final exam in 
linear programming.

With regard to their performance in this assignment, 
moderate positive correlation was observed between stu
dents’ confidence in identifying errors in AI-generated 
solutions and their performance on the assignment. Speci
fically, students’ responses to the question “How confi
dent are you in identifying errors in the solutions from 
generative AI platforms?” were positively correlated with 
assignment scores (rs � 0:4328, p � 0:0106). This finding 
suggests that students who reported greater confidence in 
evaluating the accuracy of AI outputs tended to perform 
better. It is plausible that these students were more criti
cally engaged with the material and possessed stronger 
analytical and metacognitive abilities, enabling them to 
use AI tools more effectively without overrelying on them.

With regard to final exam performance, only one sur
vey item demonstrated a statistically significant relation
ship at the 10% level. Students who gave higher ratings 
on the question “Did using generative AI platforms help 
you better understand linear programming concepts?” 
tend to do better in the final exam (rs � 0:2998, p �
0:0849). Whereas this result does not meet the conven
tional threshold for significance (p < 0:05), it indicates a 
potential association between students’ perceived con
ceptual benefit from AI tools and their performance on 
the assessments.

No statistically significant correlations were found for 
the remaining survey items. Detailed results of the corre
lation analyses are provided in Table F.1 in Appendix F.

4. Discussion and Conclusion
This study examined how students engaged with gen
erative AI in the context of a linear programming 

assignment, providing empirical insights into both the 
performance of AI-generated solutions and students’ per
ceptions of generative AI. The findings highlight that out
comes vary depending not only on the capabilities of 
generative AI but also on how students frame prompts, 
engage in iterative interaction, and critically evaluate 
AI-generated responses in solving quantitative problems.

From a performance of the generative AI standpoint, 
generative AI frequently produced incorrect solutions, 
with fewer than 50% of the reported AI-generated 
responses being accurate. Accuracy varied notably across 
both questions and platforms, reflecting inconsistencies 
in how generative AI solves linear programming. These 
findings align with broader concerns in the literature 
regarding the limitations of generative AI in addressing 
quantitative and reasoning-intensive problems.

To better understand the sources of these inaccuracies, 
we conducted a diagnostic analysis of AI-generated solu
tions and student interactions. The results indicate that 
errors were concentrated in the solution stage, particu
larly in identifying feasible regions and corner points. 
Importantly, these inaccuracies were closely linked to 
how students interacted with generative AI, including 
specificity and iteration of prompts. Students who relied 
on minimal prompts were more likely to retain incorrect 
solutions, whereas those who engaged in more struc
tured and iterative interactions—such as refining 
prompts and questioning AI-generated outputs—were 
better able to identify and correct errors. These students 
were therefore more likely to obtain accurate final solu
tions. These findings suggest that the performance of 
generative AI is not solely determined by the model itself 
but also depends on how users guide and critically evalu
ate its outputs.

Regarding the survey results, students generally per
ceived AI-generated solutions as only moderately accu
rate and expressed hesitation about using generative AI 
for future quantitative assignments, reflecting concerns 
about its long-term value in problem-solving. At the 
same time, students viewed generative AI as condition
ally useful—particularly for verifying solutions and 
clarifying basic concepts—while noting that it was less 
effective for learning new material. Students also identi
fied several limitations, including the need for highly 
specific prompts, limited visualizations, insufficient 
step-by-step explanations, and inconsistencies across 
responses. These perceptions reinforce the importance 
of how generative AI is used in practice, suggesting that 
its effectiveness depends not only on model capability 
but also on the quality of user interaction and prompt 
design.

A particularly noteworthy and more objective contri
bution of this study lies in the correlational findings of 
students’ perceptions. Perceived learning benefits— 
particularly, conceptual understanding of LP and confi
dence in solving LP—were strongly associated with 
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trust (accuracy and reliability), overall experience, and 
intentions for future use. At the same time, perceptions 
of accuracy and reliability were closely associated with 
the foundation of students’ trust, with both measures 
showing strong links to future intent to adopt genera
tive AI.

Beyond these empirical findings, this study also offers 
important implications for how generative AI can sup
port the teaching and learning of linear programming. 
Whereas this study focused on introductory linear pro
gramming problems using graphical methods, similar 
instructional approaches could be extended to other 
classes of optimization problems. For example, future 
assignments could examine how students use genera
tive AI to formulate and solve discrete optimization pro
blems, such as binary or integer programming, as well 
as network optimization, infeasibility diagnosis, and 
sensitivity analysis (e.g., interpreting shadow prices and 
reduced costs). In addition, generative AI may support 
more advanced learning tasks, such as identifying 
modeling errors and generating solver-based imple
mentations in tools such as Excel and Python. These 
extensions would allow instructors and students to bet
ter understand how generative AI can support not only 
getting solutions but also the development of deeper 
conceptual understanding and analytical reasoning 
across a broader range of optimization topics.

Building on these insights, the proposed framework 
and assignment design can be extended beyond linear 
programming to other areas of operations research and 
management science (e.g., simulation, supply chain ana
lytics, game theory), where similar dynamics of student 
trust, perceived learning outcomes, and adoption may 
be observed. Future research could further explore 
structured and pedagogically guided uses of generative 
AI, particularly in examining how students’ AI literacy 
in quantitative topics can be developed through tar
geted instructional design.

Whereas the findings offer important pedagogical 
implications, several limitations should be considered 
when interpreting the results. First, no separate control 
group was included, as all students completed the same 
AI-integrated assignment; this decision reflected ethical 
and fairness considerations because excluding some 
students from the AI-integrated experience could have 
placed them at either an advantage or a disadvantage in 
the remainder of the course. However, the absence of a 
control group limits the ability to draw causal inferences 
regarding the impact of generative AI assignment on 
learning outcomes or its comparative effectiveness rela
tive to traditional instructional approaches. Future re
search could address this limitation through the use of 
parallel course sections or counterbalanced designs, 
enabling comparisons between AI-integrated and 

traditional instructional approaches while maintaining 
instructional equity. Such designs would allow for a 
more rigorous evaluation of the causal impact of gener
ative AI on student learning and performance in quanti
tative courses. Second, the study was not designed to 
track how students revised their original responses after 
viewing generative AI outputs. Future research could 
address this by collecting both pre-AI and post-AI 
responses, enabling a deeper analysis of how students 
adopt, modify, or resist AI-generated suggestions and 
how these interactions affect learning outcomes. Third, 
the study did not fully control student-AI interactions, 
such as prompt design and iteration depth, which likely 
influenced both the accuracy of AI-generated responses 
and students’ perceptions of the tool. Subsequent research 
could investigate how different types of prompting (e.g., 
generic versus structured prompts) affect the quality of 
AI outputs and the development of students’ prompting 
skills. Lastly, specific model versions were not standard
ized in this study. Whereas the primary focus of this 
research concerns student interaction and evaluative 
judgment within an authentic instructional context, future 
studies should examine how newer model iterations per
form under comparable pedagogical conditions and 
whether improvements in model capability meaningfully 
alter student engagement and learning outcomes.
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Appendix A. Assignment Instructions 
and Questions

A.1. Assignment Instructions Provided to Students for 
Completing the Manual and Generative AI Components 
of the Task

1. Define the key components of linear programming: Provide a 
clear description of the decision variables, objective function, 
and constraints in plain language.

2. Formulate the model: Write the linear programming 
model, including the objective function, constraints, and deci
sion variables, in mathematical notation.

3. Solve the model: Graph the feasible region, identify the 
corner points, and determine the optimal solution manually.

4. Solve the problem with generative AI: Use a generative AI 
tool (e.g., ChatGPT, Bard) to solve the problem. Ask the AI to 
(a) provide the linear programming formulation, (b) find the 
corner points of the feasible region, and (c) determine the 
optimal solution. Refine the AI’s response through at least 
three iterations. Share your interaction with the AI using one 
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of the following methods: (a) share a link to the conversation, 
(b) upload screenshots of the chat (as a zip file or included in 
a single document), or (c) or copy and paste the conversation 
into a document (DOC or PDF format).

5. Record the AI’s final solution: Document the AI’s final lin
ear programming formulation and its optimal solution, includ
ing the corner points of the feasible region.

6. Compare and validate: Compare the AI’s solution with 
your original formulation and solution. Verify if the AI’s 
response is accurate. If there are any errors or inconsistencies, 
identify them and explain why they are incorrect.

A.2. Questions
Question 1: Printing Office Problem

Royce manages a printing office in Camarillo using two 
types of machines: a high-speed printer and a binding 
machine. Each report requires 1.5 hours on the high-speed 
printer and 0.5 hour on the binding machine. Each bro
chure requires one hour on the high-speed printer and 
one hour on the binding machine. The high-speed printer is 
available for 20 hours per week, and the binding machine is 
available for 24 hours per week. Reports generate $3 in reve
nue each, whereas brochures generate $5 in revenue each. 
How many of each should Royce produce to maximize reve
nue? What is the maximum revenue?

Question 2: Lemonade Stand Problem
Rylee plans to open a lemonade stand in Ventura, Cali

fornia, where they will sell two types of lemonade: small 
and large. A large lemonade requires 12 ounces of water 
and 2 ounces of powder, whereas a small lemonade 
requires 8 ounces of water and 1 ounce of powder. Rylee 
has 600 ounces of water available and two cans of pow
der, each containing 45 ounces. Rylee expects to sell at 
least 10 large lemonades. Small lemonades are priced at 
$1 each, whereas large lemonades cost $1.25 each. How 
many of each type should Rylee prepare to maximize rev
enue? What is the maximum revenue?

Question 3: Dolphin Company Hiring Problem
The Dolphin Company needs to hire two substitute 

employees to complete a specified number of tasks. Employee 
A can complete 10 tasks per hour and earns $20 per hour, 
whereas employee B can complete 25 tasks per hour and 
earns $30 per hour. Both employees must work at least five 
hours. The company requires a minimum of 350 tasks to be 
completed. How many hours should each employee work to 
minimize total wages while meeting the task requirement? 
What is the minimum total wage?

Appendix B. Postassignment Survey Questions
Table B.1. Postassignment Survey Questions

Category Survey question

Platform Usage Q1: Which generative AI platform did 
you use to complete this 
assignment?

Impact on 
Learning

Q2-1: Did using generative AI 
platforms help you better 
understand linear programming 
concepts? (1 � not at all, 5 � very 
much)

Table B.1. (Continued) 

Category Survey question

Q2-2: Do you feel more confident in 
your ability to solve linear 
programming problems after 
validating answers from generative 
AI platforms? (1 � not at all, 
5 � very much)

Q2-3: Do you think generative AI 
platforms are valuable tools for 
learning? Why or why not? 
(open-ended)

Critical Thinking Q3-1: Do you feel that using 
generative AI platforms improved 
your critical thinking skills? 
(1 � not at all, 5 � very much)

Q3-2: How confident are you in 
identifying errors in solutions 
provided by generative AI 
platforms? (1 � not confident at all, 
5 � very confident)

Performance 
and Reliability

Q4-1: How accurate were the 
solutions provided by ChatGPT, 
Gemini, or other generative AI 
platforms? (1 � very inaccurate, 
5 � very accurate)

Q4-2: How reliable do you think 
generative AI platforms are for 
solving linear programming 
problems? (1 � not reliable at all, 
5 � very reliable)

Q4-3: What limitations or weaknesses 
did you notice in the responses 
from generative AI platforms? 
(open-ended)

User Experience 
and Future Use

Q5-1: Do you plan to use generative 
AI platforms for future quantitative 
assignments? (1 � definitely not, 
5 � definitely yes)

Q5-2: What was your overall 
experience using generative AI for 
this assignment? (1 � very negative, 
5 � very positive)

Appendix C. Overview of Manually Solved 
Student Responses

The assignment consisted of three linear programming 
questions; however, not all students completed every 
question in the manual problem-solving component. Spe
cifically, 30 out of 35 students submitted responses for 
questions 1 and 2, whereas 29 students submitted a 
response for question 3.

Table C.1. Accuracy of Manually Solved Student 
Responses by Question, Including Nonresponses

Question Correct (%) Incorrect (%) No response (%) Total

Q1 17 (48.6) 13 (37.1) 5 (14.3) 35 (100)
Q2 15 (42.9) 15 (42.9) 5 (14.3) 35 (100)
Q3 22 (62.9) 7 (20.0) 6 (17.1) 35 (100)
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Appendix D. Sample Student-AI Interaction

Figure D.1. Full Student-AI Interaction Corresponding to the Example in Section 3.3

Appendix E. Full Pairwise Correlation Results Between Students’ Perceptions of Generative AI

Table E.1. Pairwise Correlations Among Student Perceptions of Generative AI (n � 35)

(1) (2) (3) (4) (5) (6) (7) (8)

(1) Understanding LP —
(2) Improved Confidence 0.5962***

(<0.001) —
(3) Critical Thinking 0.6182*** 0.4537**

(<0.001) (0.0060) —
(4) Error Identification 0.4189* 0.4893** 0.2446

(0.0120) (0.0030) (0.1570) —
(5) Accuracy 0.5204** 0.4422** 0.5273** 0.2586

(0.0010) (0.0080) (0.0010) (0.1340) —
(6) Reliability 0.5366*** 0.5039** 0.4593** 0.1321 0.8641***

(<0.001) (0.0020) (0.0060) (0.4490) (<0.001) —
(7) Future AI Use 0.7002*** 0.5708*** 0.5881*** 0.3124† 0.5720*** 0.6234***

(<0.001) (<0.001) (<0.001) (0.0680) (<0.001) (<0.001) —
(8) Overall Experience 0.7258*** 0.6527*** 0.5325*** 0.4851** 0.5920*** 0.5692*** 0.5681***

(<0.001) (<0.001) (<0.001) (0.0030) (<0.001) (<0.001) (<0.001) —

Note. Values represent Spearman’s correlation coefficients, and p-values are shown in parentheses below each coefficient.
†p < 0:10; *p < 0:05; **p < 0:01; ***p < 0:001.
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Appendix F. Full Correlation Results Between Students’ Perceptions of Generative AI and Their 
Performance Outcomes

Table F.1. Confidence in Identifying AI Errors Was Positively Correlated with Assignment Performance

Category Survey question Assignment Final exam

Impact on Learning Did using generative AI platforms help you better understand 
linear programming concepts?

0.0587 (0.7414) 0.2998† (0.0849)

Do you feel more confident in your ability to solve linear 
programming problems after validating answers from 
generative AI platforms?

0.0460 (0.7960) 0.0273 (0.8781)

Critical Thinking Do you feel that using generative AI platforms improved 
your critical thinking skills?

0.1379 (0.4367) 0.0107 (0.9523)

How confident are you in identifying errors in solutions 
provided by generative AI platforms?

0.4328* (0.0106) 0.1884 (0.2858)

Performance 
and Reliability

How accurate were the solutions provided by ChatGPT, 
Gemini, or other generative AI platforms?

0.0162 (0.9276) �0.1718 (0.3311)

How reliable do you think generative AI platforms are for 
solving linear programming problems?

�0.1766 (0.3179) �0.1550 (0.3814)

User Experience 
and Future Use

Do you plan to use generative AI platforms for future 
quantitative assignments?

�0.0666 (0.7082) 0.0123 (0.9449)

What was your overall experience using generative AI for this 
assignment?

0.1849 (0.2951) 0.0300 (0.8664)

Note. Values represent Spearman’s correlation coefficients, and p-values are shown in parentheses below each coefficient.
**p< 0.10; **p< 0.05.
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