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Abstract

Generative Al is increasingly embedded in computer science education, creating new opportunities
and concerns regarding how students learn to program. This research investigates Al's impact on
computer science students' cognition by examining how cognitive constructs are represented across
programming-education research and how their significance varies across software engineering
activities in Al and non-Al literature. A systematic mapping study, informed by established software
engineering mapping guidelines and PRISMA 2020, screened 14,628 records between 2023 and 2025
from six databases and retained 191 primary studies, including 80 Al-related and 111 non-Al studies.
Mixed deductive-inductive thematic analysis identified twelve cognitive and pedagogical themes.
Cognitive processes, computational thinking, and comprehension were most frequently examined,
while metacognition, motivation, cognitive load, misconceptions, and mental models capture
complementary regulatory and interpretive dimensions. Findings indicate that cognition is task-
sensitive: debugging foregrounds program comprehension, misconception diagnosis, and evaluation,
whereas collaborative and pair-programming activities foreground explanation, shared problem
solving, and cognitive regulation. Al-related studies predominantly address reasoning, interaction, and
regulation, while foundational constructs such as comprehension, misconceptions, and mental models
remain more prominent in non-Al research. Rather than viewing this distribution solely as conceptual
fragmentation, this research proposes that it reflects both task specialisation and the early
development of Al-mediated programming education. The mapping provides evidence that
programming cognition is task-sensitive and identifies a research gap between Al-assisted code
production and the verification, diagnosis, and judgement activities that remain central to durable
learning. This gap motivates longitudinal research on Al amplification, cognitive debt, and emerging
mental labour.
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1. Background and research gap

The rapid adoption of generative artificial intelligence (GenAl) in the digital world has fundamentally
changed how programming is learned and practiced (Becker et al., 2022). In industry settings, Al-
assisted tools have demonstrated substantial productivity gains among developers (Peng et al., 2023;
Paradis et al., 2025), calling for the acquisition of a different skillset and curriculum change in the
third-level education of software engineering students. In parallel, educators increasingly integrate Al
into programming instruction, feedback, and assessment practices, while students exhibit diverse
proactive and reactive behaviours as they interact with Al throughout their learning journeys (Prather
et al., 2023; Liu et al., 2024; Sheese et al., 2024; Giiner and Er, 2025). As a result, computer science
students are no longer learning programming under the same cognitive conditions as previous
generations.

Large language model tools can generate code, explain snippets, propose tests, and participate in
debugging dialogues. These capabilities may support experimentation and immediate feedback, but
they also make it possible to complete programming tasks without establishing robust conceptual
understanding (Prather et al., 2024). The educational question is therefore not only whether students
use Al, but how Al changes the reasoning, evaluation, self-regulation, and knowledge construction
through which programming is learned, and if those changes leave graduates in a better or worse
position for Al-supported software engineering careers.

This question sits alongside a longer tradition of research on programming cognition. Computer
science education has examined computational thinking, program comprehension, misconceptions,
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debugging, mental models, cognitive load, and metacognition as related but distinct dimensions of
programming learning (Wing, 2006; Soloway and Ehrlich, 1984; Pennington, 1987; Qian and
Lehman, 2018; McCauley et al., 2008; Sweller, 1988; Prather et al., 2018). Recent reviews have
considered GenAl adoption, assessment, and pedagogical practice in computing education (Prather et
al., 2023; Golrang and Sharma, 2025), while other reviews concentrate on particular cognitive
constructs such as computational thinking or cognitive load (Melro et al., 2023; Suryani et al., 2024).
However, these strands rarely provide an integrated account of where cognition is studied, in which
programming tasks, and how Al-related research compares with the adjacent non-Al literature.

Like Mansoor et al. (2024), we argue that such a task-sensitive perspective matters. Programming
cognition is enacted across activities including code generation, debugging, program comprehension,
testing, review, and collaboration, rather than solely during code writing; these activities are also
shaped by the presence or absence of Al support. Generative Al may redistribute, rather than
eliminate, cognitive effort: while it can accelerate code production, learners must still inspect, test,
diagnose, judge, and integrate generated outputs (Robins, Rountree and Rountree, 2003; Bacchelli and
Bird, 2013; Vaithilingam, Zhang and Glassman, 2022; Barke, James and Polikarpova, 2023),
particularly when those outputs appear plausible but are incorrect (Pearce et al., 2022). The mapping
therefore regards software engineering tasks as the contexts in which cognitive constructs acquire
educational meaning.

2. Research questions
RQ1la. What cognitive and pedagogical themes are addressed in programming-education research?

RQI1b. In which software engineering task contexts do the proposed themes occur?
RQ2a. How is the mapped literature distributed between Al-related and non-Al studies?
RQ2b. What thematic relationships are visible across the mapped literature?

RQ3. What research gaps emerge from the interaction between programming cognition, software
engineering tasks and Al assistance?

3. Mapping study completed to date

A systematic mapping study synthesised 191 primary studies: 80 substantively examine GenAl in
programming-learning contexts and 111 provide the analogous non-Al knowledge base needed to
interpret trends concurrent with Al adoption. A deductive-inductive coding scheme captured 12
themes and the programming tasks in which they appeared. Multiple codes were permitted for each
article. The primary author completed the coding; the second and final authors each reviewed 12
articles, and differences were resolved through debate towards consensus. Article-level co-occurrence
analysis served as an internal analytic cross-check of the thematic map, rather than an independent
methodological triangulation.

4. Findings and conceptual synthesis

Together, RQ1la and RQ1b show that programming cognition is not a single phenomenon. As shown
in figure 1, the literature is cognitively centred, led by cognitive processes (n = 82), computational
thinking (n = 51), and comprehension (n = 38), but its emphasis changes with the task. Programming
projects are the most frequent task family (n = 51), followed by debugging (n = 36), function writing
(n = 25), program comprehension (n = 24), and collaborative development (n = 19). Debugging makes
comprehension, misconception diagnosis, cognitive effort, and evaluation conspicuous; collaborative
development foregrounds explanation, help-seeking, and shared regulation.

The answer to RQ2(a/b) shows a literature in transition. Al-related studies cluster around cognitive
processes, interaction, and learning regulation, while comprehension, misconceptions, and mental
models remain areas of interest even after the emergence of Al. Across the coded corpus, 41 of 66
possible undirected theme pairs occurred. The most common pairing is comprehension-
misconceptions (n = 17), followed by cognitive processes-comprehension (n = 10) and cognitive
processes-computational thinking (n = 10). Figure 1 presents Al as a cross-cutting influence on an
established cognitive-pedagogical landscape, not as a force that replaces its foundations.
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Figure 1. Cognitivelly centred with peripheral pedagogical satellites:
a thematic framework of Al-assisted cognition in CS education (N = 191 studies)

ELLITES (External Edu
OGICAL SAT! Cational Intey,
PEDAG! Ventions)

REGULATORY & MODULATORY THggs
(Learning Regulation)

| Metacognition | 5
Assessment / 20 ubL
13 . ) / \ Vo a 5
S, il D>, < Motivation | .-~
1 COGNITIVE CORg - 7 !
( T (Core Cognitive Processes)
'&I
Cognitive
Altools & |4 ———p processes
Generative Al
permeate and 2
influence all
themes and
their Computational
_ interactions thinking omprehension
Pedagogical | _ - 51 38
framework /| : G Constructivism
15 ~ Misconceptions 3| models g 7
24 6
LEGEND NOTES

Number of studies
(Logarithmic scale)

Al CONTEXT (Cross-cutting Influence)

(logarithmic scale).

. High (2 20) OVERLAP / CO-OCCURRENCE BETWEEN THEMES
» (= 10 stud
. a Sm— Strong overlap (2 10 studies)
——— Moderate overlap (3 - 10 stucfes)
Lower (1-9)

........ Weak overlap (2 studies)

Only co-occurrences observed in at least two studies are visualised.

COGNITIVE CORE
Central foci of the iterature

REGULATORY & MODULATORY THEMES
Shape and regulate cognitive processes

PEDAGOGICAL SATELLITES
External interventions and design orientations

Al CONTEXT
Cross-cutting influence across all layers.

&8

<---» Altools&

Generative Al
permeate and
influence all
themes and
their
interactions.

 Nodes represent themes; size reflects number of studies

with Al acting as a cross-cutting influence across all themes.

Figure I - Conceptual synthesis derived from thematic frequencies and article-level co-occurrence

analysis. Node size reflects the number of studies, line thickness reflects observed co-occurrence

frequency.

RQ3 is therefore framed as an evidence-led gap. Figure 2 shows that Al-related studies are
concentrated in programming projects (31 Al-related versus 20 non-Al studies) and code completion
(9 versus 5). In contrast, code comprehension (5 versus 18), debugging (15 versus 21), and
collaborative/pair programming (7 versus 12) receive comparatively less Al-related coverage; code
review is balanced (3 versus 3), and testing is nearly absent. The mapping cannot show that Al has
already redistributed student effort and cognitive load as we expected, yet it does show that research
coverage has not yet fully followed the verification, diagnosis, review, and testing work that Al-

assisted programming makes educationally consequential.

Figure 2. Al and non-Al studies across software engineering task contexts
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Figure 2 - Al-related and non-Al studies by software engineering task. N = 191 task-coded primary
studies, multiple task coding was permitted.

5. Doctoral research agenda

The next phase of the doctorate will develop integrated, task-sensitive accounts of learning with Al by
specifying the programming task, form of Al assistance, learner role, intended cognitive process,
pedagogy, and assessment evidence. Two linked research directions are central. First, Al
amplification and individual cognitive trajectories will examine how prior knowledge, self-regulation,
confidence, motivation, accessibility needs, and help-seeking shape Al use over time. The working
proposition is that Al may amplify learner tendencies: reflective students may test and compare
suggestions, while anxious, avoidant, or less experienced students may accept the first plausible
answer prematurely. We hypothesize that this pattern may exacerbate differences in high-achievers
and poorer students.

Second, the project will investigate cognitive load, cognitive debt, and emerging mental labour.
Cognitive debt describes cases in which a learner completes an Al-assisted task while accumulating
incomplete understanding that later constrains retention, debugging, code review, and system-level
reasoning. Longitudinal, mixed-method research is needed to determine when Al frees cognitive
capacity for learning and when it transfers effort toward verification, comparison, orchestration, and
responsibility for judging outputs. This agenda reframes executable output as necessary but
insufficient evidence of learning; future measures should also capture explanation, error diagnosis,
misconception repair, metacognitive monitoring, independent performance after assistance is
withdrawn, and transfer to new programming problems.
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