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Abstract. Background: Generative artificial intelligence (AI) tools are now widely available to
students who learn programming, yet it remains unclear whether higher task performance with AI
leads to durable, independent learning.Methods: A narrative review of empirical studies published in
2023–2025 was carried out in September–October 2026. Studies were included if generative AI was
used in a learning task and if performance with AI, performance without AI or learning processes were
measured. Five controlled or experimental studies formed the core evidence; one qualitative study, one
classroom deployment and two surveys were used as supplementary evidence. All bibliographic data
were verified against publisher records. Results: AI consistently raised performance while it was
available, but its effect on unassisted performance ranged from negative to neutral. Negative effects
appeared when learners obtained complete solutions, whereas hint-based or explanation-oriented use
reduced or removed them. Several studies suggest that AI may widen the gap between learners with
high and low prior knowledge and weaken self-monitoring. Only one study measured delayed
retention, and only one measured transfer. Programming courses should therefore assess unassisted
performance separately and organise AI use in guided stages.
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INTRODUCTION
Large language models that generate program code have entered programming classrooms in a

very short time. Such models solve many typical problems of introductory programming courses, and
this has led computing educators to reconsider what students should learn and how their learning
should be assessed [2]. In Uzbekistan, the development of AI technologies has been declared a
strategic priority until 2030 [14], and AI-related topics are being introduced into the school
informatics curriculum [17]. National studies have examined the methodological foundations of AI in
informatics education, mainly from the perspective of individualised and adaptive instruction [6], and
have argued for combining fundamental, professional and general-education approaches when
preparing informatics teachers to work with AI [18].

A central question, however, is still open: does better performance with AI mean that students
have learned more? Two outcomes have to be distinguished. The first is the quality of a product
created with AI assistance. The second is what the student can do independently once the tool is
removed. The concept of cognitive offloading explains why these outcomes may diverge. Offloading a
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mental task to an external tool reduces internal cognitive demand and can make a task easier [15]. In
experimental work, offloading improved immediate performance but weakened later memory of the
offloaded information [5]. With generative AI, students can offload not only information but also
problem analysis, algorithm selection and the justification of a solution.

This review addresses three questions. (1) How does generative AI affect performance with AI
and performance without AI in programming and related learning tasks? (2) Which conditions of use
moderate these effects? (3) What do the findings imply for the teaching of informatics? The review is
part of the author’s doctoral research on developing students’ intellectual-creative abilities with the
help of AI [7].

MATERIALS AND METHODS
Design. The study is a narrative review. It was carried out in September–October 2026 at the

Denau Institute of Entrepreneurship and Pedagogy (Uzbekistan) as part of doctoral research conducted
at Termez State Pedagogical Institute.

Search and selection. Studies were identified in Google Scholar, the ACM Digital Library,
publishers’ websites and arXiv using combinations of the terms “generative AI”, “ChatGPT”, “code
generator”, “novice programmers”, “learning outcomes” and “critical thinking”. Studies were included
if they (a) were published in 2023–2025; (b) used generative AI in a learning or problem-solving task;
and (c) measured at least one of the following: performance with AI, performance without AI, or
learning process data. Studies with a control or comparison condition and an unassisted outcome were
classified as core evidence. Qualitative, deployment and survey studies were classified as
supplementary evidence.

Coding and verification. For each study, the participants and context, the design, and the
presence of five types of measures were recorded: performance with AI, unassisted performance,
delayed retention, transfer, and process or self-report data. Bibliographic details were checked against
DOI records and publisher pages. One study is a preprint that has not been peer-reviewed; it is marked
as such. The review is not systematic, the number of included studies is small, and the coding was
done by one reviewer; the conclusions are therefore stated with caution.

RESULTS AND DISCUSSION
Five studies met the criteria for core evidence and four studies were used as supplementary

evidence. Table 1 summarises the core studies, and Figure 1 shows which outcomes each included
study measured.

Table 1

Core empirical studies: performance with and without generative AI

Study Participants and
context

Design Performance with
AI

Unassisted
performance



Vol 12.No 10. October 2026Page 1328

Study Participants and
context

Design Performance with
AI

Unassisted
performance

Bastani et al. [1] About 1,000
students, grades 9–
11, one school in
Turkey;
mathematics

Field experiment
randomised by
class; three arms

Practice scores:
+48% (plain GPT-
4), +127% (hint-
based tutor) vs.
control

Closed-book
exam: −17% for
plain GPT-4; no
significant
difference for
tutor

Kazemitabaar et
al. [8]

69 novices aged
10–17; introductory
Python

Controlled study;
ten sessions

Code correctness:
80.1% vs. 44.4%

No significant
difference;
higher-pretest
AI users
retained more
after one week

Xue et al. [19] 48 students in an
introductory Java
course (CS1), USA

Controlled two-
group study

No significant
difference

No significant
difference
(closed-book)

Fan et al. [3] 117 university
students; essay
writing in English

Randomised lab
experiment; four
groups

Largest essay-score
gain in the AI
group

No difference in
knowledge gain
or transfer

Lehmann et al.
[12] (preprint)

University students
learning Python;
the Netherlands and
Germany

Field panel and
two randomised
lab experiments

More topics
covered when
solutions were
requested

No significant
overall
difference;
solution-seeking
lowered and
explanation-
seeking
improved
understanding
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Figure 1. Outcomes measured in the reviewed studies (filled cell = measured)
Performance with AI versus independent performance
The most consistent finding is that generative AI improves performance while it is available. In

a field experiment with about 1,000 high-school students, practice scores rose by 48% with a plain
GPT-4 interface and by 127% with a tutor version that gave hints instead of answers [1]. Novices who
used a code generator wrote correct code far more often than the control group (80.1% vs. 44.4%) [8].
In a writing task, the AI group improved its essays the most [3].

Effects on unassisted performance were weaker and less consistent. In the high-school
experiment, students who had practised with the plain GPT-4 interface scored 17% lower than the
control group on a closed-book exam [1]. In the programming studies, differences in unassisted test
scores were not significant [8; 19], and the AI group in the writing study did not gain more knowledge
or transfer it better [3]. The lab experiments in the preprint by Lehmann et al. [12] also found no
significant overall effect on learning. Taken together, the evidence ranges from negative to neutral:
gains with AI did not automatically become gains without AI.

The mode of AI use as a moderator
The way AI is used appears to matter more than its mere availability. In the high-school

experiment, the hint-based tutor avoided the drop in exam scores observed with the plain interface [1].
In the preprint by Lehmann et al. [12], asking AI for complete solutions increased the number of
topics covered but reduced understanding, whereas asking for explanations improved it. A classroom
deployment of an AI programming assistant with more than 700 students led its designers to
recommend avoiding direct answers, keeping students cognitively engaged and keeping the assistant
transparent and under student control [9]. These results suggest that the design of AI assistance is a
pedagogical decision, not only a technical one.
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Prior knowledge and the widening gap
Several studies indicate that AI does not benefit all learners equally. In a qualitative study of

21 introductory programming students, about half used AI to speed up writing code they had already
planned, while the other half struggled; for the latter group, AI compounded existing metacognitive
difficulties and created an illusion of competence [13]. Novices with higher pre-test scores who had
used a code generator performed better on the one-week retention test [8], and the preprint by
Lehmann et al. [12] reported that AI use widened the gap between students with low and high prior
knowledge. Because the samples are small, this pattern should be treated as a hypothesis for further
testing rather than an established effect.

Self-regulation and critical thinking
Evidence on self-regulation and critical thinking is suggestive but weak. Fan et al. [3] observed

differences in self-regulated learning processes between groups and interpreted them as possible
“metacognitive laziness”; this is an interpretation rather than a directly measured construct. In a survey
of 319 knowledge workers, higher confidence in AI was associated with less reported critical thinking
[11]. A survey of 666 participants in the United Kingdom found a negative correlation between AI use
and self-reported critical thinking, partly mediated by cognitive offloading [4]. Both surveys are
correlational and rely on self-report, so they do not show causal effects.

Theoretical interpretation
The findings are consistent with research on cognitive offloading: external help improves

immediate performance but may reduce what is retained [5; 15]. Research on productive failure offers
a possible remedy. A meta-analysis of 53 studies found a moderate advantage for problem solving
followed by instruction over the reverse order (Hedges’ g = 0.36), although the effect reversed for
younger learners and for domain-general skills [16]. At the same time, minimally guided instruction
has been criticised as ineffective for novices [10]. Combining these positions, a short and well-scoped
independent attempt followed by guided support appears more defensible than either unrestricted AI
use or prolonged unguided work.

Gaps in the evidence
Figure 1 shows that only one study measured delayed retention (after one week) and only one

measured transfer to a new task. Most studies lasted a single session or a few weeks, and only some
involved university programming courses. Long-term effects of AI on independent programming
ability therefore remain largely unknown, and evidence from Central Asian higher education is not yet
available in the reviewed literature.

Implications for teaching informatics
On the basis of the reviewed evidence, the following principles are proposed for programming

courses. They are recommendations derived from the review and require empirical testing.
1. Assess unassisted performance separately from the quality of AI-assisted products, for

example through a final task completed without AI.
2. For novices, prefer hint-based or explanation-oriented AI modes and restrict access to

complete solutions.
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3. Ask students to make a short independent attempt before they consult AI, and adjust the
length of this attempt to their prior knowledge.

4. Include metacognitive checkpoints, such as a reflection on what was done independently
and a declaration of how AI was used.

5. Monitor outcomes separately for students with low and high prior knowledge so that AI use
does not widen existing gaps.

The author’s ongoing doctoral study is testing a staged approach based on these principles in a
quasi-experiment with informatics students at three pedagogical higher education institutions in
Uzbekistan; its results will be reported separately.

CONCLUSION
The reviewed studies show that generative AI reliably raises performance while it is available,

but its effect on what students can do without AI ranges from negative to neutral. The mode of AI use
appears to be decisive: providing complete solutions was associated with lower independent
performance and understanding, whereas hint-based and explanation-oriented use reduced or removed
this risk. AI may also widen differences between learners with different levels of prior knowledge.
Because few studies measured retention or transfer, programming courses should evaluate unassisted
performance directly and introduce AI in guided stages. Longer studies in university programming
courses, including in Central Asia, are needed to test these conclusions.
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