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Abstract—Large Language Models (LLMs) are increasingly
used in software development and are becoming part of software
engineering education. However, there is limited empirical evi-
dence on how students use AI tools across development tasks in
project-based Software Engineering courses. This paper presents
an empirical study based on approximately 8,500 validated
student-submitted AI usage logs collected over five semesters
between 2022 and 2026 from two undergraduate courses at
the National Technical University of Athens. We examine in
which phases of the Software Development Life Cycle (SDLC)
students use AI tools, how they evaluate AI assistance, and how
their perceptions evolve over time. The results show that AI
usage is mainly concentrated in coding and testing, with lower
usage in requirements, architecture, and design. Students rate
quality higher than knowledge gained, and those with higher task
experience report higher quality and knowledge gains. Overall,
students view AI positively, report low perceived threat, and tend
to use it more for task completion than for learning.

I. INTRODUCTION

L
ARGE Language Models (LLMs) and other AI-based

tools are increasingly being incorporated into software

development practice, including in educational environments.

In project-based Software Engineering courses, students use

such tools not only for code generation, but also for re-

quirements analysis, architecture and design tasks, testing,

and documentation across multiple phases of the Software

Development Life Cycle (SDLC).

Despite this growing adoption, there is still limited empir-

ical evidence on how students use AI tools throughout the

SDLC in course projects, how they evaluate their usefulness

across different tasks, and how these perceptions evolve over

time. This gap is particularly relevant for rethinking Software

Engineering education, where AI tools are becoming part

of everyday student practice while also taking on a distinct

educational role.

This paper presents an empirical study based on student-

submitted AI-usage logs collected over multiple semesters in

two Software Engineering courses at the National Technical

University of Athens, starting from the early days of the

recent “AI boom”. Students were encouraged to use AI tools

throughout their project work, to document these interactions,

and to submit one record per interaction in a custom logging

service. The resulting dataset includes objective characteristics

of AI-assisted interactions (context), such as development

phase, action type, programming language, and tool used, as

well as subjective assessments, such as perceived quality of

help, knowledge acquired, time savings, and perceived threat

to their future roles as Software Engineers.

The contributions of this paper are as follows:

• a publicly open dataset of multi-semester student-reported

AI usage logs collected in project-based Software Engi-

neering courses 1,

• an analysis of this dataset to examine how students use

AI tools during software development,

• an analysis of how students evaluate AI tools in terms of

usefulness, knowledge gained, and perceived risks, and

• observations on how these usage patterns and perceptions

change over time.

To guide the analysis, the study addresses the following

research questions:

• RQ1: On which software development tasks do students

focus their use of AI tools?

1https://github.com/ntua/aiinsecourses
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• RQ2: How do students rank the quality, knowledge

gained, and time saved when using AI assistants?

• RQ3: Do students perceive AI as a supportive tool or as

a potential threat, both currently and in the future?

The remainder of this paper is organized as follows. Sec-

tion II reviews relevant literature. Section III presents the study

context, dataset, and analysis procedure. Section IV presents

the empirical findings. Section V discusses the implications

of the results. Section VI outlines threats to validity, and

Section VII concludes the paper.

II. RELATED WORK

Existing research on LLMs in Software Engineering covers

their use across multiple development activities. Prior work

reports applications in tasks such as code generation, doc-

umentation, testing, and maintenance, while also identifying

challenges related to reliability and other limitations [1], [2].

These studies provide an overview of how LLMs are used in

Software Engineering and the constraints that accompany their

use.

Many of these studies have also been conducted in edu-

cational settings, particularly in programming courses, where

LLMs are now widely utilized, either just by learners them-

selves, or by instructors as part of the learning process. Early

work examined the implications of AI-based code generation

tools, highlighting both opportunities for assisting novice

programmers and challenges related to achieving or even re-

defining the learning outcomes of programming courses while

maintaining academic integrity [3], [4], [5]. Subsequent stud-

ies investigated how LLM-based assistants support problem

solving and interaction through natural language, enabling

students to generate and understand code based on textual

input [6], [5]. Other work evaluated their effectiveness in

supporting novice learners, including their impact on code

comprehension, explanation generation, and performance in

programming assessments [5], [7], [8], [9]. Collectively, these

studies show the increasing use of LLMs in programming

education and their influence on learning practices.

More recent studies examine how students use and ex-

perience LLMs in programming contexts. Several studies

report generally positive student attitudes toward tools such as

ChatGPT, while also noting concerns about answer accuracy

and quality, over-reliance, ethics, and possible effects on

learning [10], [11], [12]. Related work examines how stu-

dents incorporate generative AI into programming activities,

identifying recurring usage patterns and interaction strategies

[13], [14]. Research on human–AI collaboration in program-

ming education further explores how students’ learning, trust,

productivity, and coding practices relate to their use of LLM-

based assistants [15]. Recent empirical work also examines

the effects of ChatGPT on student performance, creativity, and

teamwork [16].

Within Software Engineering project contexts, Rasnayaka,

Wang, Shariffdeen, and Iyer [17] present an empirical study

of LLM usage and student perceptions in a course-based Soft-

ware Engineering project, while Naman, Shariffdeen, Wang,

Rasnayaka, and Iyer [18] analyze interaction patterns between

students and LLMs in a similar setting. These studies are

among the closest to our context, as they examine LLM

use within extended, project-based development environments

rather than controlled tasks. Their analyses provide insights

into overall usage trends, interaction dynamics, and generated

artifacts.

Existing studies tend to focus on controlled programming

exercises, high-level usage patterns, or general perceptions

of LLMs. Less attention has been given to how students

integrate LLMs into specific tasks, especially except coding,

within Software Engineering projects. Examining LLM usage

at the level of individual tasks is important for understanding

how these tools influence development workflows, decision-

making, and learning processes in project-based educational

settings.

In parallel, prior work has examined limitations associated

with LLM-based tools. Studies report usability issues and

mismatches between user expectations and actual tool behavior

[19], as well as concerns regarding code quality and correct-

ness, and the need for human oversight, particularly when such

tools are used by less experienced developers [20]. Research

on novice programmers further shows that interacting with

AI-based coding assistants can be challenging and may lead

to unintended learning outcomes [21]. Broader discussions

in Software Engineering also consider the implications of

adopting LLMs in development workflows, including both

benefits and risks [22]. These findings reinforce the need for

more empirical studies on the use of LLMs in software devel-

opment practice, to provide evidence for re-shaping Software

Engineering education.

To address this gap, this paper presents an empirical study

of how students use LLMs across different tasks and phases of

the SDLC in two project-based Software Engineering courses

offered in the Electrical and Computer Engineering School

of NTUA. The study examines not only where LLMs are

used, but also how students evaluate their usefulness and how

their perceptions of quality, learning, and risk evolve over

time in relation to their level of task experience, considering

that several, especially non-coding, tasks are new to them.

By analyzing AI usage logs collected across multiple task

submissions, we provide insights into student–LLM interaction

patterns in a project-based educational setting.

III. METHODOLOGY

A. Study Context

The study was conducted in two undergraduate courses

at the National Technical University of Athens: Software

Engineering (7th semester), offered in the fall semester, and

Software-as-a-Service Technologies (8th semester), offered in

the spring semester. Both courses follow a project-based

structure, where students work in teams of 3 to 6 members to

develop software systems across multiple phases of a typical

SDLC.

The dataset was collected over five academic semesters

between the academic years 2022–2023 and 2025–2026, cov-
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ering both courses. Students were encouraged to use AI-based

tools during their development process, and submitting AI

usage logs was integrated into the course grading rubric to

ensure consistent data collection.

Students used a variety of publicly available LLMs and

AI assistants, including ChatGPT, Gemini, Claude, DeepSeek,

Grok, and Copilot, as shown in Table I.

TABLE I
LLM USAGE DISTRIBUTION ACROSS SEMESTERS

Tool Family 23b (%) 24a (%) 24b (%) 25a (%) 25b (%)

ChatGPT 93.5 87.5 92.5 81.6 66.0
DeepSeek 0.0 1.1 0.0 5.3 25.8
Grok 0.0 0.1 0.0 0.7 8.2
Gemini 0.7 3.4 2.8 4.8 0.0
Claude 0.0 0.0 0.0 6.7 0.0
Copilot 1.8 1.0 1.1 0.0 0.0
Mistral 0.0 0.0 0.0 0.7 0.0
LLaMA 0.0 0.0 0.0 0.1 0.0
Gemma 0.0 0.0 0.0 0.1 0.0
Other 4.0 6.9 3.6 0.0 0.0

ChatGPT was the dominant tool in all semesters, although

its share decreased over time. In the final semester, DeepSeek

and Grok accounted for a substantially larger proportion of

submissions, indicating a more diverse distribution of tool use

than in earlier semesters. Students used the model versions

available at the time of each semester. However, the table

reports tool families rather than exact model versions, since

version information was not consistently recorded. The Other

category includes less frequently used LLMs and locally

deployed open-source models.

A total of 507 students contributed to the dataset, producing

11326 submissions.

B. Data Collection

Data were collected through a custom web-based platform

that allowed students to document their interactions with

AI tools while working on project tasks. Each submission

corresponds to a single AI-assisted interaction associated with

a specific development task or subtask.

In earlier semesters, students submitted logs as compressed

files containing structured JSON data, where responses corre-

sponded to predefined questionnaire fields. Since the platform

did not support real-time interaction, submissions were often

recorded after completing tasks, which may have introduced

delays or reduced accuracy in reporting.

In later semesters, the platform was extended to provide

an integrated interface where students could interact with AI

models and record their responses within the same environ-

ment [23]. This allowed submissions to be captured at the time

of interaction and included improved validation mechanisms

to ensure consistency between selected fields (e.g., phase, task

type, and scope).

C. Dataset Description

The final dataset follows a unified schema after normal-

ization. Each entry includes both objective and subjective

attributes describing the AI-assisted interaction.

Objective attributes include:

• development phase (e.g., requirements, design, coding,

testing),

• action type (e.g., code authoring, architecture decisions,

infrastructure configuration),

• scope (e.g., backend, frontend, database design),

• AI model and tool used,

• time allocated.

Subjective attributes include:

• perceived quality of AI assistance,

• knowledge acquired,

• experience with the task,

• perceived threat level,

• general perception of AI tools (current and future), and

• estimated time saved.

In addition, each submission includes the entire user dialog

with the LLM tool and optional notes describing the interac-

tion.

D. Data Processing

Since the data collection process evolved over time, pre-

processing steps were applied to ensure consistency across

semesters.

First, all submissions were normalized into a common

schema. This included mapping earlier ordered textual re-

sponses (e.g., “none”, “little”, and “much”) to corresponding

values on the common 0–5 ordinal scale. Time-related fields

were also transformed into normalized metrics to ensure com-

parability across entries. In particular, estimated time savings

were expressed relative to total time (allocated plus saved) and

mapped to the same 0–5 scale.

Categorical fields were also normalized by grouping se-

mantically equivalent labels under a unified representation.

For example, action types such as “CI/CD”, “Dev-Ops”,

and “dev-ops” were grouped under the category “ci/cd and

devops”. Similarly, entries such as “container configuration”,

“container structuring”, “network configuration”, and “vm

configuration” were mapped to “infrastructure configura-

tion”.

A similar process was applied to the scope field, where

variations such as “ER diagram”, “Database Design (ER)”,

and “database design” were unified under “database design”.

This normalization ensured that entries originating from dif-

ferent semesters and questionnaire versions could be analyzed

consistently. The level of abstraction of categories reflects the

structure of the original questionnaire and was preserved to

maintain consistency within the data collection process.

Second, a validation process was applied to detect and

remove inconsistent or logically invalid entries. For example,

entries were considered invalid when combinations of fields

violated logical constraints defined by the questionnaire (e.g.,

assigning a code design-related action to a requirements phase,

or mismatched scope and action types). This was necessary for

earlier datasets where validation constraints were less strict.

In contrast, the final dataset, collected through the integrated
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platform, was validated at submission time through built-

in constraints and required no additional removal of invalid

entries.

After validation, the final dataset consists of 8564 valid

submissions, out of an initial 11326 collected entries. Table II

summarizes the dataset before and after validation.

The mapping and validation rules are available in the project

repository.

E. Ethical Considerations

Participation in data collection was part of the course re-

quirements, and students were informed about the process. For

the purposes of this study, all user identifiers were anonymized

through hashing, ensuring that individual students cannot be

identified in the dataset used for analysis.

F. Data Analysis

TABLE II
DATASET OVERVIEW BEFORE AND AFTER VALIDATION

Course Collected Valid

Software Engineering (softeng23b) 1542 950
Software as a Service (saas24a) 1297 705
Software Engineering (softeng24b) 3696 2134
Software as a Service (saas25a) 1711 1695
Software Engineering (softeng25b) 3080 3080

Total 11326 8564

The analysis focuses on understanding how students use

LLMs during software development tasks. The variables ex-

amined in this paper come from the structured questionnaire

fields associated with each submission; the dialog text between

the LLM and the student was retained in the logs but was

excluded from the analysis. To address the research questions,

we examine distributions of AI usage across development

phases and task types, as well as aggregate measures such

as perceived quality, knowledge acquisition, time savings, and

threat perception.

In addition, comparisons are performed across different

levels of student experience and across time, in order to

identify patterns in how LLM usage and perceptions evolve.

In this analysis, students were classified as “experienced” in

a given phase if their average experience score for that phase

was at least 3 on the 0–5 scale, whereas those with an average

score below 3 were classified as “inexperienced”. The analysis

is conducted at the level of individual submissions.

IV. RESULTS

A. RQ1: On which software development tasks do students

focus their use of AI tools?

Across all semesters, AI usage is highest in the Coding

phase, followed by Testing, Design, and Architecture, as shown

in Fig. 1. In contrast, the Requirements Gathering and Require-

ments Specification phases consistently show the lowest levels

of AI usage, which indicates how students perceive the role

of AI in software development.

This pattern appears in all datasets, although the exact

distribution varies between semesters. For example, in soft-

eng23b, most interactions occur in coding (42.0%) and testing

(32.1%). In later semesters, such as softeng25b, usage is more

evenly spread across coding (21.8%), testing (18.9%), design

(19.2%), and architecture (18.6%). A similar trend is observed

in saas25a, where design (23.0%) and architecture (22.1%) are

also widely used, alongside coding (36.0%).

The distribution of AI usage across SDLC phases was also

calculated separately for students classified as experienced

(≥ 3) and inexperienced (< 3) in the corresponding phase.

Experienced students focus more on coding (e.g., 52.7% in

saas24a), while inexperienced students distribute their usage

more across phases, including architecture, design, and deploy-

ment. For instance, in saas24a, inexperienced students report

higher usage in deployment-related tasks such as Docker con-

figuration (22.9%) compared to experienced students (6.9%),

indicating that they possibly needed more assistance in exe-

cuting such tasks.

Fig. 1. Distribution of AI usage across development phases and experience
levels

The activities within each phase indicate the nature of

the tasks (Fig. 2). In coding, most interactions involve code

authoring (66.5%) and code management (33.5%). In testing,

interactions are mainly related to functional testing (49.7%)

and unit testing (22.2%). In architecture and design, most inter-

actions relate to architectural decisions (73.9%) and design de-

cisions (67.1%), respectively. In requirements-related phases,
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interactions focus primarily on problem understanding during

requirements gathering (49.7%), while use case specification

dominates in requirements specification (47.4%).

Overall, AI tools are used more in coding and testing,

and less in requirements-related activities. Usage also differs

by experience level, with experienced students focusing more

on coding, while inexperienced students use AI more across

different phases.

Fig. 2. Distribution of actions across development phases

B. RQ2: How do students rank the quality, knowledge gained,

and time saved when using AI assistants?

Across all semesters, students generally provide positive

evaluations of AI tools on the three examined subjective

metrics, namely quality of assistance, knowledge gained, and

time saved, with scores consistently ranging between 3.0 and

3.7 on a 0–5 scale. However, there are clear differences in

which of these metrics students rate most and least positively,

as well as in how these evaluations differ between students

reporting higher and lower levels of experience across the

SDLC phases.

Fig. 3 shows, for each semester, the percentage of stu-

dents who rated each of the three metrics with the highest

score (left), the second-highest score (middle), and the lowest

score (right). Quality is most often ranked higher across all

semesters. The percentage of students ranking quality first

ranges from 35.2% in softeng23b to 48.6% in softeng24b.

In contrast, knowledge gained is least often ranked as the

highest metric, with values between 15.2% and 27.5%. It is

also most often ranked as the lowest metric (e.g., 54.7% in

softeng23b and 45.7% in saas25a). Time saved shows a more

mixed pattern, as many students rank it both as the highest

and the lowest metric.

Additionally, differences between experienced and inex-

perienced students are observed across SDLC phases. To

demonstrate this, for each semester, the average evaluations

of AI tools across the three metrics were calculated for each

SDLC phase, separately for students reporting high and low

average experience within that phase. Then, evaluation ratios

were computed by dividing the scores of experienced students

by those of inexperienced ones in order to make differences

more visible. These results are presented in Fig. 4 and Fig. 5

for the pre-development and development phases, respectively.

In the coding phase, experienced students report higher

values for both quality and knowledge gained (ratios above

1) in most semesters, while time reduction ratios are usually

below 1, meaning that experienced students estimate smaller

time benefits compared to inexperienced students. A similar

pattern appears in the testing phase, where knowledge ratios

remain above 1, while time reduction varies across semesters.

In pre-development phases (requirements, architecture, and

design), the differences between experienced and inexperi-

enced students are less consistent. In earlier semesters, ratios

are close to 1, while in later semesters (e.g., softeng25b and

saas25a), both quality and knowledge ratios are above 1 in

most phases. Time reduction ratios in these phases are often

above 1, showing that experienced students sometimes report

higher time benefits in these tasks.

Overall, students rate the quality of AI assistance higher

than the knowledge gained, while time saved does not fol-

low a clear pattern. Differences between experienced and

inexperienced students are visible, especially in coding and

testing, where experienced students report higher quality and

knowledge gains.

C. RQ3: Do students perceive AI as a supportive tool or as

a potential threat, both currently and in the future?

As mentioned earlier, across all semesters students report

generally positive perceptions of AI tools (Fig. 6). Average rat-

ings for current usefulness (feeling_now) range between 3.33
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Fig. 3. Distribution of metric preference rankings across semesters

and 3.47, while perceived future usefulness (feeling_future) is

similar or higher, ranging from 3.21 to 4.00.

In many semesters, future usefulness of AI is rated higher

than current usefulness (e.g., 4.00 vs. 3.33 in saas24a, and

3.85 vs. 3.44 in softeng24b). A clear pattern is also observed

in how evaluations of current and future usefulness evolve over

time. Current ratings remain relatively stable across semesters,

while future usefulness is generally rated higher in earlier

semesters but gradually converges toward current usefulness.

This suggests that, over time, students’ expectations and actual

experiences become closer.

Perceived threat remains low in all semesters, with values

between 1.43 and 1.87 on a 0–5 scale. This shows that

participating students do not see AI as a significant risk.

For context, both perceived quality and knowledge acqui-

sition are above the midpoint of the scale in all semesters

(around 3.0–3.7), which supports the overall positive view of

AI tools.

Overall, students view AI as a supportive tool, with positive

opinions about its current usefulness, slightly higher but grad-

ually decreasing expectations for its future, and low levels of

perceived threat.

V. DISCUSSION

A. AI Usage Across Development Phases

The results indicate that AI usage is concentrated in cod-

ing and testing phases, while earlier stages of the software

development process, such as requirements gathering and

specification, architecture and design, show lower usage. This

suggests that students rely more on AI tools for tasks they are

familiar with and feel easier to describe in prompts.

A possible reason is that requests to LLMs regarding coding

and testing tasks can be expressed more easily and allow

students to directly use AI-generated outputs. In contrast,

requirements, architecture, and design involve more abstract

thinking and context, which, along with inherent AI weak-

nesses, may make AI less useful in these phases [24]. This is

consistent with previous work that shows strong use of LLMs

in coding tasks, but more limited use in higher-level Software

Engineering activities [1], [2].

Differences between experienced and inexperienced stu-

dents support this observation. Students tend to trust and

use AI tools for coding tasks even when they have prior

coding experience. However, in non-coding phases such as

architecture and requirements analysis, students with relevant

experience are more likely to rely on their own judgment and

decisions. In contrast, students tend to use AI more broadly

across most phases where they lack experience, reflecting

greater expectations from AI support, as well as potential

experimentation or uncertainty regarding the usefulness of AI

outside the “comfort zone” of coding.

B. Perceived Benefits: Quality, Learning, and Time

Students consistently rate the quality of AI assistance higher

than knowledge gained and time saved. This suggests that AI

tools are mainly used to support task completion rather than

learning. This observation reflects the behavior of students

who did not have continuous access to AI tools throughout

their studies, and may differ for students who are exposed to

such tools from the beginning of their education.

The lower ranking of knowledge gained is important in an

educational context. Even though students use AI frequently,

they do not always see it as contributing to their learning

of Software Engineering concepts. This may indicate a risk

that students rely on AI outputs without fully understanding

or evaluating them. Similar behavior has been reported in
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previous studies, highlighting the risk of over-reliance on AI

tools [21]. It may also be related to the fact that many Software

Engineering tasks require prior knowledge and the integration

of concepts from multiple areas, which may make it harder

for students to learn effectively from AI-generated outputs.

Time saved shows a more mixed pattern, reflecting the

inherently subjective nature of this metric. The assessment

of time savings from AI is challenging even for experienced

developers, and particularly so for those working on a task for

the first time. In addition, the time needed to understand and

adjust AI-generated outputs may reduce the overall benefit.

Fig. 4. Experienced-to-inexperienced ratio across pre-development phases

Differences between students with higher and lower task

experience further highlight the role of prior familiarity with

the task itself. In pre-development phases, the results are less

clear, which is logical, as not many students are expected

to have strong familiarity with tasks such as requirements

engineering or architecture in the context of these courses.

However, in development phases, students who report higher

experience in a given task also report higher quality and

knowledge gains, especially in coding and testing. Overall,

this suggests that prior task experience helps students make

more effective use of AI.

A possible explanation is that students with higher task

experience are better able to interpret, adapt, and extend AI-

generated responses, for example by asking more specific

questions or modifying the suggested solutions. In contrast,

students with lower task experience reported lower assistance

quality and lower knowledge gains. One possible interpretation

is that limited prior experience makes it more difficult to

formulate effective requests and evaluate or adapt the resulting

outputs, potentially leading to more iterative trial-and-error

interactions and less effective use of the assistance provided.

This also suggests that using AI for tasks that are not well

understood or cannot be properly evaluated is less effective.

C. Student Perceptions and Trust in AI

Students generally have a positive view of AI tools; how-

ever, in the context of this study, there is notably less enthusi-

asm about AI than one might expect. At the same time, there

are slightly higher expectations for their future usefulness and,

interestingly, a low perceived level of threat. This indicates that

students see AI as a helpful tool rather than a replacement for

their skills and future role.

The low perceived threat is notable and aligns with several

public arguments regarding the future of software development

jobs in the AI era. Students do not seem to consider AI as

a risk, which may reflect how they use it as part of their

workflow. At the same time, this may also suggest that students

are not fully aware of potential long-term possible risks, such

as over-reliance on AI.

Fig. 5. Experienced-to-inexperienced ratio across development phases

The difference between ratings of current and future useful-

ness suggests that students in the earlier semesters expected AI

tools to improve substantially. Across later semesters, ratings

of future usefulness decreased and moved closer to ratings

of current usefulness. This suggests that students became less

enthusiastic about the future potential of LLMs, reflecting a

more realistic understanding of the capabilities and limitations

of AI tools. These findings are in line with previous studies that

report positive attitudes toward AI, along with some concerns

about its limitations [10], [11].

D. Implications for Software Engineering Education

The results of this study have several implications for

Software Engineering education.

First, the high use of AI in coding and testing shows that

students use AI most frequently in the phases where they

perceive it as useful. However, the lower use in requirements,

architecture, and design suggests that students may either need

guidance on how to use AI in these earlier phases, or feel that

there is little that AI can achieve in such tasks. This aligns

with complementary work, highlighting the limitations of AI

tools when utilized in architecture-related tasks [24].
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Second, the lower ratings for knowledge gained highlight

the need for teaching approaches that encourage students to

learn from AI, rather than use it only to complete tasks.

Students appear to need more guidance on how to evaluate

AI outputs and understand how to effectively use them.

Third, the differences between students with higher and

lower task experience show that the reported value of AI

depends in part on prior familiarity with the task being

performed. This suggests that AI use in education should be

considered together with students’ existing task-level compe-

tence. Instructors may therefore need to provide different kinds

of support depending on whether students are using AI for

familiar tasks or for tasks they are still learning to perform

manually.

Fig. 6. Evolution of student perceptions across semesters

Finally, the positive attitude toward AI shows that students

are open to using these tools. This creates an opportunity

to include AI more systematically in courses, while also

addressing risks such as over-reliance and shallow learning.

VI. THREATS TO VALIDITY

A. Generalizability

The study is conducted within the context of two undergrad-

uate Software Engineering courses at a single institution with a

strong academic student background. As a result, the findings

may not generalize to other educational settings, institutions,

or student populations. In particular, differences in curriculum

structure, project complexity, and student background may

influence how AI tools are used. Furthermore, the use of

project-based courses may lead to different usage patterns

compared to more structured or assignment-based learning en-

vironments. The findings may also differ in other educational

contexts, such as introductory courses or professional training

environments.

B. Self-Reported Data Limitations

The dataset is based on self-reported logs submitted by

students. As such, the data may be subject to biases, includ-

ing inaccurate reporting, overestimation or underestimation

of time savings, and subjective evaluation of AI assistance.

Although submissions were part of the course requirements,

students may still have provided incomplete or imprecise in-

formation. These factors may affect the reliability of subjective

measures such as perceived quality, knowledge acquisition,

and threat perception. However, the structured questionnaire

and its integration into the course workflow help mitigate some

of these issues by encouraging consistent reporting.

C. Logging Constraints

Each submission captures a single AI-assisted interaction

associated with a specific task, which may not fully represent

the complete sequence of interactions that occurred during task

completion. Students may have used AI tools without logging

all interactions, or may have summarized multiple interactions

within a single submission. Additionally, changes in the data

collection platform across semesters may have influenced

how students recorded their interactions, despite efforts to

normalize and validate the dataset. Interactions involving the

agentic development tools, such as Claude Code, Codex, or

similar IDE-based assistants, could not be captured adequately

through the existing logging process, which was designed for

chat-based interactions. Capturing their use would require a

different logging mechanism, for example, an extension or

integration with the agentic tool itself.

D. Study Context

The use of AI tools was encouraged and partially integrated

into the course grading rubric, which may have influenced

student behavior. In particular, the requirement to submit a

minimum total number of logs, although aiming to encourage

the use of AI, may have affected how and when students

chose to use AI tools. These contextual factors are inherent

to many educational settings and should be considered when

interpreting the results. Because the analysis was organized

around the predefined research questions and questionnaire

fields, the findings describe these selected dimensions of

student AI use rather than every possible pattern contained

in the logs.

VII. CONCLUSION

In this empirical study, we examined how students used

AI tools in project-based Software Engineering courses. The

results show that AI is used mainly in coding and testing tasks,

while its use in earlier phases of development remains limited.

Students consistently rate the quality of AI assistance higher

than the knowledge gained, suggesting that they perceive AI as

more useful for task completion than for learning. In addition,

students with higher task experience report greater quality and

knowledge gains, indicating that effective use of AI depends

on prior familiarity with the task. This suggests that effective

use of AI does not eliminate the need for users to develop

their own understanding of the tasks they aim to accomplish.

Students have a positive view of AI and report low perceived

risk. At the same time, considering AI as more useful for

task completion than for learning suggests that students may

use AI primarily to obtain working solutions even without

fully understanding the underlying concepts. These indicate

that students may underestimate not only the limitations of

AI but also the potential consequences of excessive reliance

on it, including weakening their own capacity for conceiving,
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evaluating and refining AI solutions. In addition, the results

show that expectations about the future usefulness of AI

decrease in later semesters compared to earlier ones. The gap

between students’ ratings of AI’s current and future impact

also decreased across the observed semesters, suggesting a

more grounded assessment of the future potential of LLMs.

These findings suggest that Software Engineering courses

should address both the productive use of AI and the skills

required to evaluate its outputs. Students should be encouraged

to verify generated solutions, identify limitations, and seek

clarification when they do not understand a response. This

is particularly important when teaching concepts such as

requirements engineering and software architecture, where the

educational objective extends beyond producing an immediate

solution. Building on these findings, further research should

examine whether students who are introduced to LLM-based

tools from the beginning of their studies develop different

usage and evaluation practices from those who adopt them

later. Future work should also examine how agentic develop-

ment tools, such as Claude Code and Codex, affect students’

productivity, learning, and ability to assess generated solutions.
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