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Abstract
Artificial Intelligence (AI) has assumed an increasingly prominent role in education, transforming the
dynamics of teaching and learning while introducing new pedagogical opportunities and challenges.
In computer programming education, generative AI tools have had a particularly profound impact.
Historically, computer programming education has emphasized problem-solving skills, syntax accur-
acy, and code efficiency. However, the emergence of generative AI models capable of supporting
automatic code generation, producing high-quality code snippets and entire programs, personalized
explanations and tutoring, and real-time debugging, has triggered a paradigm shift. These tools
make learning processes and assessment less effective and less clear about students’ true knowledge.
In this context, the paper explores three key dimensions: the broader impact of AI in education, the
new challenges that AI presents in teaching and learning computer programming in higher education,
and the implications for student assessment, an essential element of the educational process. To
investigate these topics, we conducted an online survey targeting Portuguese higher education
instructors teaching programming-related courses. Our primary objective was to understand the
changes introduced in evaluation methods and criteria due to the growing use of generative AI tools,
particularly those focused on code generation.
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1 Introduction

AI is rapidly transforming educational practices, offering capabilities ranging from intelligent
tutoring systems to adaptive learning management platforms. These technologies enable
personalized instruction by adapting the content and pace to each student’s profile [19, 9, 3].
Generative AI encompasses systems capable of producing content, including text, images,
video, and source code, as well as solving complex logical problems. In programming educa-
tion, these tools are significantly shifting student’s behavior and reshaping the development
of skills such as logical reasoning, algorithmic problem-solving, and proficiency in program-
ming languages [1]. Platforms like GitHub Copilot, ChatGPT, and OpenAI’s Codex can
generate code, explain complex programming concepts, and assist in debugging, often in
real time [17]. This paper analyzes the pedagogical implications of generative AI tools in
computer programming teaching and learning, with a particular focus on their influence on
student’s evaluation. It addresses the following research questions: (i) Which generative
AI tools are most commonly used by students? (ii) What changes have these tools already
brought to the evaluation process? (iii) What mitigation strategies or pedagogical approaches
are educators adopting? and (iv) What challenges and concerns do teachers face in assessing
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students in this new context? The structure of the paper is as follows: section two describes
the use of generative AI tools in computer programming learning. Section three provides a
brief literature review on the assessment of programming skills in the age of AI. Section four
outlines the survey methodology and questionnaire design, followed by results presentation
and their analysis, and discussion. Finally, the last section presents some conclusions, key
contributions, and directions for future research.

2 The Role of Generative AI Tools in Computer Programming
Learning

The use of AI in software development has significantly accelerated with the rise of generative
AI tools. Powered by large language models (LLMs), tools such as GitHub Copilot and
ChatGPT are designed to understand prompts and generate relevant source code in real
time [3]. GitHub Copilot, for instance, integrates directly into development environments,
offering context-aware code suggestions. These capabilities challenge the validity of traditional
take-home programming assessments, as they allow students to generate entire solutions with
minimal effort. While AI-generated code often meets assignment requirements, it may lack
well-structured design, clear documentation, or optimization, raising critical questions about
what competencies are truly being assessed. Generative AI tools are currently being used in
several stages of the software development lifecycle, including [4, 15, 14]:

Code Completion and Generation: tools such as GitHub Copilot suggest real-time code
snippets, reducing repetitive coding and accelerating development;
Bug Detection and Correction: AI models can detect syntax and logic errors and propose
fixes, often integrated into modern IDEs;
Documentation and Explanation: LLMs can generate human-readable documentation,
aiding code comprehension and collaboration;
Learning and Tutoring: these tools act as intelligent tutors, providing beginners with
example-driven learning and concept explanations

Despite these advantages, such as faster development, improved code quality, and a reduced
learning curve for beginners, serious pedagogical challenges have emerged, particularly in
foundational programming education [13, 18]:

Passive attitude to understanding and learning basic concepts: beginners may rely heavily
on AI-generated solutions, bypassing essential learning steps such as understanding syntax,
logic, and debugging. This attitude can hinder the development of core programming
skills;
Superficial Understanding of Programming Concepts: generative AI often presents solu-
tions without explaining the underlying reasoning, leading to a “black box” perception of
programming. Students may adopt these outputs without truly grasping the principles
involved;
Difficulties in debugging and handling code errors: when AI-generated code fails, stu-
dents unfamiliar with debugging practices often struggle to diagnose and resolve issues.
Generative tools rarely provide detailed walk-throughs of their suggestions, impeding
students’ ability to troubleshoot independently;
Problems related to ethics and plagiarism: the boundary between legitimate assistance
and academic dishonesty is increasingly blurred. Instructors face difficulty distinguishing
original student work from AI-assisted submissions, raising concerns about plagiarism
and assessment fairness;
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Difficulties in understanding and adapting the code: AI-generated code is not always
correct or efficient. Beginners may lack the critical skills needed to assess or adapt the
generated output, which can reinforce misconceptions and bad practices.

3 The Impact of Generative AI Tools on the Evaluation Process

While generative AI tools offer promising possibilities for enhancing personalized learning
and supporting the development of more authentic, dynamic assessments, they also raise
significant concerns related to academic integrity, equity, and the loss of critical thinking
and creativity in student work. A primary concern is academic dishonesty. Students may
use AI-generated content to complete assignments with minimal personal input, effectively
bypassing the learning process. A recent EDUCAUSE survey [12] reported that more
than 60% of faculty teachers observed an increase in AI-generated student submissions,
intensifying concerns about plagiarism and authorship. Although tools like Turnitin’s AI
detector have been introduced, their accuracy and reliability remain under debate. Research
on the integration of generative AI into assessment processes is still emerging. Although
many studies highlight the potential of generative AI in education, relatively few provide
empirical evidence on its influence on evaluation practices [8]. According to a recent study
by Huber et al. [5], both educators and students recognize the profound impact of AI on
traditional assessments, particularly in fields such as essay writing and coding. Although
many educators advocate adapting assessment strategies to leverage AI in fostering higher-
order thinking, students express mixed feelings, often concerned about potential losses in
creativity and originality. According to some authors [7], more than 50% of students enrolled
in programming courses admitted to regularly using AI tools, with more than 30% employing
them for graded assignments. This raises challenges for instructors, as AI-generated code
is often indistinguishable from human-written code, especially when slightly modified. To
address these issues, researchers such as Kizilcec and Elaine Huber [5] propose a shift toward
hybrid and process-oriented assessment models. These may include:

Live coding exams, to evaluate real-time problem-solving and syntax fluency under
supervision;
Monitoring the code development process, through screen recordings or automated trace
logs;
Code explanation sessions, requiring students to justify and analyze their submissions;
Version control analysis, using platforms like Git to track iterative work;
AI-inclusive tasks, such as critiquing or improving AI-generated solutions;
Project-based learning, which emphasizes design, collaboration, and testing rather than
just code correctness.

Despite the possible benefits, these approaches face implementation challenges, particularly
in large classes, due to increased demands on teaching time and the need for closer monitoring.
As noted by Zawacki-Richter [19], institutions must invest in faculty training, establish clear
academic integrity policies, and adopt scalable and process-oriented evaluation strategies
that measure both code and understanding.

4 Survey Methodology and Questionnaire Design

To investigate the research questions about the impact of Artificial Intelligence, particularly
Generative AI tools, on the evaluation process in computer programming subjects, an online
survey was conducted and disseminated amongst Portuguese higher education professors,
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who teach programming-related subjects. The target audience for this study was reached
through two main channels: public institutional websites (where contact information of the
teaching staff was available) and personal academic networks. Participants were informed
that the questionnaire was anonymous, ensuring the confidentiality of the responses. A
total of 31 responses were collected from professors from 12 different Portuguese higher
education institutions, including both universities and polytechnic institutes. The respondents
teach in higher professional technical courses (TeSP), bachelor’s and/or master’s degrees,
and represent 3 class formats: in-person, online, and hybrid teaching. This heterogeneity
enhances the richness of the dataset, reflecting a broad spectrum of perspectives within the
national context. Although it is a relatively small sample size and may not fully capture
the diversity of institutional contexts, qualitative studies with limited samples can still yield
valuable insights into the subject under investigation [10]. Following other recent computing
education research studies [11, 6, 2, 16], the survey combined closed- and open-ended questions
to gather both quantitative indicators, useful to identify general trends, and qualitative
insights, providing depth and context to participants’ experiences and perceptions. The
structure was as follows: Section A – Respondent characterization and curricular context:
data on academic background, such as institution and teaching level, subject area, and
class description; Section B – Perceptions of AI usage by students: teacher’s point-of-view
on students’ awareness of AI tools, particularly code generation; Section C – Changes in
Evaluation methods and Adopted Strategies regarding AI tools: investigation on whether and
how assessment methods have been adapted in response to the AI usage; Section D – Future
Perspectives/Challenges: forward-looking reflections about AI in computer programming
assessment.

5 Results Analysis and Discussion

5.1 Respondent characterization and curricular context
The most representative institutions were Polytechnic of Porto and Instituto Superior Técnico
in Lisbon, representing more than half of the respondents (53%). The remaining institutions
had a more modest representation, varying from 1 to 3 respondents each. Overall, 69% of
the professors teach computer-related course units in bachelor’s degrees, 22% in master’s
degrees and only 8% in TeSP courses (Figure 1). Most courses are taught in person (86%),
while only two respondents reported teaching in hybrid courses and another two in fully
online formats.

Figure 1 Respondents distribution between institution type, degree level and class format.

The most represented curricular units were at the introductory programming level (28%)
and in web development (19%), while more advanced or specialized courses show less
representation. In most cases, the number of students per class falls within the ranges of 11
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to 20 students (32%) and 21 to 40 students (45%). Around 30% of the respondents reported
having classes with more than 60 students, a pattern observed among some of those who
indicated teaching theoretical classes, and among all who teach online ones.

5.2 Perceptions of AI usage by students
Professors are aware that their students use generative AI tools in evaluative programming
tasks (only 1 respondent answer that he suspects yes, but with no confirmation of such).
All respondents indicated ChatGPT as an AI tool used by students, most particularly in
projects, laboratorial exercises, homework, and reports (Figure 2). GitHub Copilot also
shows notable usage, especially in project-based and technical tasks. In contrast, tools like
Google Gemini, DeepSeek, and Tabnine are less mentioned. These findings suggest that
students predominantly use AI tools in open-ended and iterative tasks, for real-time assistance
or code generation. The respondents were evenly divided regarding the impact of AI on
students’ learning of computer programming: 35% believe such tools have a negative impact,
32% consider the impact positive, and the remaining (32%) consider AI neither positive
nor negative. In an open-ended answer, respondents’ perceptions were diverse, but they
tended to recognize both benefits and risks. Among the positive aspects, the acceleration
of the coding process and the reduction of frustration stand out: “it speeds up the coding
process. It reduces frustration with basic errors”. Support for autonomous learning is also
valued: “when used well, it has a positive impact on accelerating the process, avoiding more
routine tasks and facilitating the search for solutions”. However, many professors warn about
superficial and uncritical usage of AI tools by students, pointing out the replacement of
cognitive effort: “most students [...] use it with little critical sense, to solve exercises, without
actually understanding the code”. Others highlight the growing dependence: “the degree
of dependence on these tools is increasing and, to some extent, possibly debilitating”. In
short, respondents found that the impact of AI depends heavily on how it is used, and it is
essential to promote a critical and pedagogical use of these tools.

Figure 2 Co-occurrence matrix between of AI tools usage by students with evaluation tasks.

5.3 Changes in Evaluation methods and Adopted Strategies regarding
AI tools

The data collected reveals a significant shift in assessment strategies following the widespread
availability of generative AI tools. Most respondents (68%) reported having partially or
significantly modified their assessment methods (left chart in Figure 3. To mitigate the
risks associated with AI-assisted cheating or superficial learning, instructors have adopted a
variety of measures (Figure 4).
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Figure 3 Results regarding changes in evaluation methods due to the emergence of generative AI
tools (left) and explicit permission to use AI tools during assessment (right).

Figure 4 Most frequently adopted strategies/methods in evaluation moments.

Some correlations were found between evaluation changes and adopted strategies. Re-
spondents who significantly changed their evaluation methods tend to use oral assessments
or written tests, increase the projects’ complexity, apply rigorous control measures, and do
not allow AI in assessment moments. Those who partially changed their evaluation methods
allow AI in some situations, especially in projects, and place greater value on the explanation
of reasoning. Finally, professors who did not change or had already adjusted practices usually
apply control measures, but with less emphasis on pedagogical adaptation. Another finding
was that instructors who explicitly allow AI tools in some or all assessments (right chart in
Figure 3 tend to emphasize project-based learning and critical engagement with AI, including
practices such as requiring students to submit the prompts they used or reflect on the role of
AI in their work.

5.4 Future Perspectives/Challenges

Major concern identified by the respondents was the lack of fundamental competencies by
students (84%). As one professor noted, “too many shortcuts, where most of the code is
generated rather than written, will likely prevent students from acquiring basic competencies”.
Other concerns were unfair assessment between those who use AI and those who do not (32%),
difficulty in detecting the usage of AI (29%), and difficulty in ensuring authorship (12%).
These concerns reflect a broader uncertainty about how to maintain academic integrity and
fairness in an environment where AI tools are widely accessible and increasingly sophisticated.
There is a strong consensus that institutional support is needed (61% said it was urgent
and 16% think that it is required but not a priority), reflecting the pressure felt to adapt
pedagogical practices. The desired support includes pedagogical training on the use of
AI, definition of strategies and good practices, tools for detecting code generated by AI,
and institutional discussion and sharing among teachers. Respondents who identify loss of
skills and difficulty in ensuring authorship as the main challenges are also those who most
frequently ask for specific training and clear institutional strategies.
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6 Conclusion

This research outlines the impact of generative AI on evaluating students of computer
programming courses in higher education. Results reveal that while these tools offer significant
pedagogical opportunities (such as enhanced autonomy, real-time feedback, and support
for project-based learning), they also pose substantial challenges and concerns, such as the
lack of critical reflection, excessive reliance on these tools, and along with difficulties in
ensuring authorship. Most professors reported changing their evaluation methods, adopting
strategies such as oral assessments, project-based tasks, and emphasis on reasoning. The
evidence indicates a definitive shift towards a more reflective, process-oriented, and diversified
assessment strategy, with the hope of preserving the integrity of computer programming
learning in the age of AI. There is also a clear call for integrated actions on an institutional
level, rather than isolated efforts by individual teachers, and the urgency of such support
is strongly linked to the deep feeling that AI is changing the way students learn and how
they are evaluated. The study contributes by offering a case study from Portuguese higher
education, offering practical implications regarding emerging assessment practices (e.g.,
reasoning and process description, prompt analysis, AI usage detection) and contributes
to research about AI-integrated pedagogy, specifically focused on assessing programming
skills in higher education. Many studies focus on the use of AI as a teaching support tool,
without adequately addressing its impact on the evaluation phase of the teaching-learning
process. This study seeks to fill this gap by analyzing real-world practices adopted by
professors of computer programming courses. The intersection of AI, teaching programming,
and evaluating programmatic skills requires an integrated and critical pedagogical approach.
Technology alone cannot solve the challenges of education, but it can be a valuable ally
when used intentionally and consciously. Teacher training, investment in infrastructure, and
a commitment to ethical and inclusive education are necessary paths to consolidate these
innovations in higher education. Future work should explore students’ critical examination
of generative AI tools, as well as their ethical and cognitive concerns regarding AI-assisted
learning and shifting evaluation methodologies. Moreover, the evolving nature of generative
AI tools warrants the need for a comprehensive focus on long-term studies on the impact
these tools have on developing programming skills.
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