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Abstract

What does it mean to be skilled in a world where
machines can now write computer code? We explore
how generative Al is not only accelerating productivity,
but reshaping the very meaning of programming
expertise. Adopting a relational perspective, we focus
on three interdependent skills that define effective
human—AI collaboration: task framing, prompt design,
and output interpretation.

Drawing on research in programming skills
development and human-Al interaction, we trace the
emergence of hybrid forms of competence that blend
technical reasoning with contextual judgment, skills
like strategic prompting, critical debugging, and
situated problem framing. These signal a broader shift
in programming: from producing code to coordinating
Al-assisted problem solving, requiring new forms of
cognitive effort and evaluative thinking.

As Al becomes an active collaborator, the focus is
moving away from writing code line-by-line toward
orchestrating adaptive systems. This transformation
has deep implications for how technical skills are
learned, applied, and socially valued in Al-mediated
environments.

Keywords: Programming skills, skill development and
retention, generative Al, human-Al collaboration

1. Introduction

The increased capability of modern artificial
intelligence (Al) systems, generative Al in particular,
has led to concerns about their impact (Crowston &
Bolici, 2019; Dell’Acqua et al., 2023). We define Al as
“an emergent family of technologies that build on
machine learning, computation and statistical
techniques, as well as rely on large data sets to generate
responses, classifications, or dynamic predictions that
resemble those of a knowledge worker” (Faraj et al.,
2018, p. 62). In this paper, we address a long-standing
concern about information technology use, namely its
effects on user skills, programming skills in particular.

Rather than focusing solely on individual
performance or tool capabilities, we propose a
relational model of programming skill that emphasizes
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how developers interact with Al systems, tasks and
outputs to shape their competence. The question of
how Al tools affect programming skill gains
importance in light of the widespread use of such tools
in professional contexts. For instance, in October 2024
the CEO of Google and Alphabet, Sundar Pichai, stated
that 25% of the code at Google is now written by Al
(Pichai, 2024).

Public and academic debates often focus on Al’s
performance gains or potential for job displacement.
We instead ask: how does Al reshape programming as
a skillful activity, not only through what it automates,
but through the ways it transforms learning, judgment
and the division of labour? Based on a conceptual
synthesis of research on programming skills
development and human—Al interaction, we present a
model that conceptualizes programming as a system of
human-Al interactions rather than a solitary technical
act. We explore its implications for how skills are
acquired, applied and socially recognized. We examine
these dynamics across experience levels, considering
both beginners and more advanced practitioners.

2. Skills and Al tools

2.1. Skills

The concept of skill, central to our study,
encompasses three key characteristics as proposed by
Green (2011): productivity (value creation), expand-
ability (enhancement through training) and social
recognition. Productivity defines skill as the ability to
autonomously perform tasks to create valued
outcomes, with higher skill levels enabling more
complex task performance. Following Wood (1986),
we consider task complexity along three dimensions:
component (number of distinct elements), coordinative
(coordination requirements) and dynamic complexity
(changing conditions over time). Increases in these
dimensions raise the knowledge and skill needed for
successful performance. Expandability is the potential
to develop skills from basics to fluency. Social
recognition acknowledges that societal forces influence
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skill wvaluation and shape opportunities for skill
development. We explore how AI’s productivity gains
may limit skill growth while redefining “skilled” work
to include prompt design and oversight.

Our focus is on the skills involved in
programming. Computer programming is a cognitively
demanding activity that necessitates the development
of multi-layered skills (Kiesler, 2024). Shneiderman
(1976) established four fundamental programming
skills: comprehension (understanding written code),
composition  (analyzing problems and writing
solutions), debugging (identifying and correcting
errors) and modification (adapting existing programs).
Collins & White (1984) advanced Shneiderman’s
framework with empirical evidence supporting a
hierarchical progression in programming skill
development, noting that students could comprehend
specific code snippets while struggling to generate
comparably complex code themselves.

Research further suggests that failing to develop
lower-order skills can undermine more advanced ones.
Lopez et al. (2008) demonstrated that code reading
skills are prerequisites for code writing, with basic
programming construct knowledge forming the
foundation of the hierarchy. Zavala & Mendoza (2017)
identified significant correlations between code
comprehension, completion and writing abilities,
establishing five supporting skills: programming
construct identification, verbal explanation, technical
documentation comprehension and code refactoring
proficiency. Debugging further emerged as a critical
skill, with empirical work demonstrating that explicit
debugging practice improves overall programming
competence (Martinovi¢ & Rozi¢, 2025).

Though much research focuses on beginning
programmers, Ryan et al. (2022) highlighted critical
differences between educational and professional
programming contexts. They identified five dimensions
of complex programming environments typically
underemphasized in education: working with
pre-existing codebases, large-scale system architecture,
extended  development  timeframes,  multiple
contributor involvement and established collaborative
practices. Studies of real-world coding tasks (Xia et al.,
2019) emphasize additional professional skills such as
code integration, version control and modular design.
Collaborative skills and domain-specific applications
were also identified as crucial for programming
effectiveness in shared programming environments
(Sanchez et al., 2025). Bailey and Stefaniak’s (2001)
industry  analysis described a comprehensive
framework of 85 distinct skills across technical, soft
and business categories, underscoring the complexity
of professional programming practice.

2.2. Al for programming

Recent advancements in Al have significantly
impacted programming. An example is Copilot, which
can perform code completion given a comment or the
start of a function. Chatbots such as ChatGPT can also
write code in response to a request. Tools are adept at
using different packages, reducing the need to learn
application programming interfaces, an example of the
potential tension between the productive and
expandable dimension of programming skills.

2.2.1. Impact of AI use on programming
performance (i.e., productive dimension of skills).
Much of the public and organizational enthusiasm
around generative Al in programming is driven by its
perceived impact on productivity: faster code
generation, reduced repetition and time savings across
common tasks. However, productivity gains may
reflect surface efficiency, not deep or transferable skill.
In this section, we examine existing evidence on the
performance effects of Al tools, while questioning
whether enhanced output necessarily translates into
robust or sustainable expertise.

Al programming tools have shown to support
substantial productivity gains. For instance, GitHub
Copilot users completed JavaScript tasks in less than
half the time of those without Al, with similar success
rates (Peng et al, 2023). Research has started to
uncover factors affecting performance. Use of GitHub
Copilot in enterprise contexts has shown time savings
depending on the task, with up to 50% savings for
documentation and autocompletion and 30-40% for
repetitive coding, testing and debugging tasks (Pandey
et al., 2024). Task complexity influences efficiency
gains, with repetitive tasks seeing approximately 60%
time reduction compared to 26% for complex multi-file
tasks (Pandey et al., 2024). Becker et al. (2025) found
that Al tools actually slowed down highly-experienced
developers working on complex codebases, though
possibly reducing effort.

Studies also reveal tradeoffs. For instance, in
open-source environments, use of GitHub Copilot was
found to increase merged pull requests by 6.5% and
individual productivity by 5.5%, but integration time
increased by 41.6%, suggesting higher coordination
costs (Song et al., 2023). Vaillant et al. (2024) surveyed
207 software developers, finding that 73% reported
increased productivity with ChatGPT and 70%
reported reduced coding time, but 21% noted increased
time spent on code review. A comparative analysis of
tool interfaces found that AI tools enabled
programmers to implement approximately 65% more
requirements than traditional coding methods, but
different interfaces produce distinct usage patterns:
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auto-complete (e.g., Copilot) was used to generate
more frequent but smaller code snippets and
conversational interfaces (e.g., ChatGPT), fewer but
larger code blocks (Weber et al., 2024).

The effectiveness of Al assistance extends to both
advanced and beginner users. Programmers using
ChatGPT-3 for HTML development completed tasks
approximately 30% faster than without Al assistance.
Interestingly, non-programmers utilizing ChatGPT
achieved comparable completion times to professional
programmers (Campero et al., 2022). Shan et al. (2025)
found that professional programmers using a
generative Al tool increased productivity by 18% on
average, as measured by user stories completed, with a
stronger effect for more experienced programmers,
suggesting the importance of complementary skills to
be able to make use of the outputs.

One problem is that, as helpful as Al tools seem to
be, Al-generated code is not always correct. Al bug
fixing competes with deep learning and outperforms
traditional methods (Sobania et al., 2023), but its code
often lacks quality compared to human solutions.
Significant deficiencies have been found in
documentation and exception management in
Al-generated Java and Python code (Almanasra &
Suwais, 2025). Al systems demonstrate concerning
rates of hallucinations, presenting plausible but
incorrect explanations even when provided with
explicit error logs (Mora, 2025). These limitations
reflect broader struggles with nuanced engineering
concepts despite strong performance on structured
problems (Hope et al., 2025).

As well, despite technology advancement,
fundamental reasoning limitations persist across tools
(Jain et al., 2025; Mora, 2025). As a result, Al
programming tools struggle with complex coding tasks
involving interdependencies among code components
and different files. Approaches have been suggested to
address these limitations, e.g., prompting strategies that
break complex tasks into manageable components.
These findings highlight that programming with Al is
not a simple replacement of human effort, but rather
requires careful output assessment and request
formulation.

2.2.2 Impact of Al use on skill development (i.e., the
expandable dimension of skills). A central concern
remains: does increased productivity come at the cost
of “learning less,” as users engage less with the
problem space and so bypass the effortful processes
that drive long-term skill development? When code is
produced faster but understood less, programmers may
achieve more in the short term while building less in
terms of long-term capability. Thus, there are important

questions about how Al tools shape not just
performance, but the process of skill formation.

Skill Acquisition Theory states that skills typically
develop by proceduralizing and automatizing
knowledge through practice (DeKeyser, 2015; Dreyfus,
2004). Research suggests that Al programming tools
may undermine this process by removing both the need
to exercise skills and the motivation to develop them.
For instance, in one study, undergraduate students
identified several advantages of using ChatGPT for
programming learning, including quick responses, time
savings, debugging assistance and support for thinking
skills (Yilmaz & Karaoglan Yilmaz, 2023a). However,
limitations include encouraging laziness, causing
occupational anxiety and providing incorrect
information. Recent research has extended this model
to incorporate the effects of Al assistance, with several
studies examining how these tools influence transitions
between expertise levels (Nguyen, 2025; Pulk & Koris,
2025), including the development of hybrid
intelligence frameworks that distribute cognitive tasks
across human and Al components.

A significant concern is overreliance on Al
outputs. An experimental study with professional
writers demonstrated that while ChatGPT users saved
time and improved output quality, they often used
Al-generated content with minimal editing (Noy &
Zhang, 2023), requesting complete solutions rather
than using Al to enhance understanding (Rahe &
Maalej, 2025; Vanacore et al., 2025). Studies have
contrasted two usage strategies: seeking knowledge
about general concepts to support a task vs. directly
generating solutions, with regular Al users more likely
to request complete solutions (Rahe & Maalej, 2025).
Used properly, tools could potentially act as tutors,
enhancing learning, but the predominant mode of
interaction focuses on providing results rather than
offering structured support for the learning process.
Over-reliance on Al programming tools may also
generate a sense of complacency and illusion of
competence (Perry et al., 2023), with beginning
programmers particularly prone to these -effects.
Over-reliance may also pose risks if developers do not
feel responsible for the code they produce, raising
questions of accountability for the outcomes.

Thus traditional models of skill acquisition,
grounded in theories of proceduralization and gradual
abstraction, are disrupted by Al systems that can
instantly generate, refactor or even evaluate code. As
mindlessness prevents users from properly attending to
the work and learning from it, one author went as far as
to suggest that systems should be deliberately
imperfect to require people to consider outputs
carefully (Dell’ Acqua et al., 2023).
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In summary, the acceleration of productive output
enabled by Al may come at the cost of long-term skill
development, particularly when users bypass deliberate
practice and fall into patterns of over-reliance on
Al-generated solutions. Such efficiency gains may
foster shallow engagement and a false sense of
competence, particularly among novices (Macnamara
et al., 2024; Prather et al., 2023; Rahe & Maalej, 2025).
This tension, between doing and learning, suggests that
Al-assisted productivity and skill development may not
progress in parallel and may even diverge without
intentional design.

2.2.3 New skills for effective AI tool use. As
suggested above, effective use of Al tools requires the
development of new skills, complementary to but
distinct from traditional programming skills. First,
prompting, the ability to translate structured intent into
inputs that guide Al systems, has emerged as a second
foundational skill in Human—-AI programming. It
addresses what (Hutchins et al., 1985) referred to as the
“gulf of execution”, making the system do what the
user wants (Crowston & Bolici, 2025). Indeed, studies
have shown that students’ benefits from Al tool use
largely depend on “prompt literacy”, i.e., their ability
to formulate effective inputs for Al (Yilmaz &
Karaoglan Yilmaz, 2023b). Prompting strategies—
conversational or structured—can optimize outputs,
enhancing clarity and efficiency (Beurer-Kellner et al.,
2023; Wang et al., 2024). More recently, prompting has
expanded to include providing information resources to
guide a model (Mei et al., 2025). However, crafting
effective prompts is not intuitive, even though it may
seem to be. As stronger metacognitive skills are
generally better mastered by more expert users,
beginners have been found to struggle in conveying
their intent to Al tools, for instance, needing to
overcome inappropriate mental models derived from
human interaction (Zamfirescu-Pereira et al., 2023).

A critical yet under discussed skill in Human—AlI
programming is task framing: structuring problems in
contextually meaningful and solvable ways. Framing
involves identifying the essential features of a problem,
decomposing its components and articulating goals in
forms that can be delegated to Al tools. Framing
precedes prompting: without a clear conceptual model
of the task, users may formulate vague or misleading
prompts, resulting in low-quality outputs (Jonassen,
1997, 2000). Unlike prompting, which focuses on how
to communicate with the model, framing concerns
what should be communicated and why. It requires
metacognitive  skills such as abstraction and
decomposition, the ability of programmers to break
down complex problems and translate them into
instructions the Al can understand (Prather, Denny, et

al., 2024). It requires reasoning not only about code but
also about objectives, constraints and downstream
consequences, what Bolici et al. (2025) describe as
orchestration across interdependent tasks. Framing the
problem correctly enables clearer prompting, better Al
alignment and more effective Human—AlI collaboration
(Annapureddy et al., 2025; Prather, Reeves, et al.,
2024; Nguyen, 2025).

A final key competence 1is interpretation:
evaluating and iterating on what the system has done.
This skill addresses Hutchins et al.’s (1985) “gulf of
evaluation”: requiring users to make sense of system
outputs and assessing whether the Al output aligns
with the user’s expectations and the problem’s goals. It
involves identifying flaws, gaps, or misalignments in
the generated code and deciding whether to revise the
prompt, fix the output manually, or reframe the task
entirely (Prather, Denny, et al., 2024; Wang et al.,
2024). As Al-generated code often has bugs or fails to
handle corner cases correctly (Jain et al., 2025)
particularly in complex tasks (Bowen et al., 2024;
Chen et al., 2025; Mora, 2025), output evaluation is a
core competency for effective Al tool wuse
(Annapureddy et al., 2025). These skills can interact, as
evaluation of an output may suggest ways to improve
the prompt rather than simply fixing the code. Effective
prompt engineering can significantly enhance Al
performance, particularly when initial outputs are
incorrect or incomplete (Denny et al., 2023; Wang et
al., 2024). Fixing Al output often requires iterative
prompt refinement—similar to debugging (Prather,
Denny, et al., 2024).

Together, these three interdependent skills—
framing, prompting and interpreting—form the
foundation of a new model of Human-Al
programming that we elaborate in Section 3.2. Table 1
summarizes how each of the three skill areas translates
into concrete user actions, common pitfalls and key
skills in Al-assisted programming.

A critical complication is that code interpretation
skills are typically thought to depend on code writing
skills (Collins & White, 1984; Lopez et al., 2008),
precisely what Al tools replace. Experienced
programmers are better at output evaluation, likely due
to their more developed domain knowledge and higher
levels of skill (DeKeyser, 2015; Dreyfus, 2004). This
advantage partly explains the observed stronger impact
of Al tools on experienced programmers’ productivity,
as they know what to ask for and can better assess and
fix generated code (Shan et al., 2025). In contrast,
beginner programmers have often been found to lack
the necessary skills to leverage Al tools effectively
(Mailach et al., 2024). If beginners fail to develop
fundamental skills due to Al over-reliance, they are
likely to struggle to develop advanced skills needed for

Page 7278



effective Al wuse. Even if skills are developed,
insufficient practice may prevent proceduralization,
making them more susceptible to decay (Macnamara et
al., 2024; Rinta-Kahila et al., 2023).

Table 1. Three core skill areas (framing, prompting,
interpreting) emerging in Human-Al programming

Relational Key Common  Key Skills
Anchor Action Pitfall
Framing Define the  Vague or Task
problem overly decomposition,
and its broad task  goal definition,
constraints  definitions  contextualiza-
tion
Prompt- Translate Under- Instruction
ing intent into  specified formulation,
Al-under-  or overly abstraction,
standable  generic iterative query
input prompts design, context
engineering
Interpret-  Assess Al Blind trust  Output
ing outputand or minimal validation,
decide scrutiny of  critical
next step flawed judgment,
outputs uncertainty
handling

As an example of these difficulties, a recent study
analyzing students’ interactions with GitHub Copilot
identified two modes of solution generation:
“shepherding”, attempting to coerce desired code
through techniques like typing suggestions, deleting
code after accepting it or modifying accepted code
versus  “drifting”, moving aimlessly between
suggestions without clear direction. Many students
expressed confusion about Al suggestions while
relying on the tool for guidance when stuck (Prather et
al., 2023). Previously identified metacognitive
difficulties persisted even with Al assistance, but three
new difficulties emerged specifically related to
generative Al: “progression”, being conceptually
behind while having false confidence, “interruption”,
concentration difficulties due to frequent code
suggestions and “mislead”, being led down incorrect
paths (Prather, Reeves, et al., 2024). These difficulties
highlight a growing divide between students who
struggle and those who succeed with Al tools.
High-performing students can recognize unhelpful
suggestions and use Al to accelerate work, while
struggling students develop an  “illusion of
competence” while being hindered by the technology,
accepting Al suggestions at higher rates. Indeed,
students with higher self-efficacy tended to use Al less

frequently and later in the problem-solving process,
while those with lower self-efficacy or higher fear of
failure used Al more frequently and earlier
(Margulieux et al., 2024).

3. Programming skills of the future

The widespread integration of Al into the software
development life cycle necessitates a rethinking of
what constitutes programming skill. Past research has
identified a clear set of skills needed for conventional
programming. The use of AI tools suggests an
alternative possibility, that prompting and output
evaluation build on different skills than traditional
coding. In particular, while code-reading is generally
considered fundamental to other programming skills
(Luxton-Reilly et al., 2018), studies show that it is a
lower-order skill than writing, suggesting that one may
be able to successfully read code without being able to
produce it (Robins et al., 2003; Winslow, 1996).

It is thus conceivable that students could learn to
evaluate and make effective use of an Al tool’s outputs
without being able to create them themselves.
However, other computational skills, e.g., problem
decomposition, are still critical to framing. This
perspective  suggests that Al tool use requires
computational thinking but not necessarily coding,
shifting how programming may be taught and practiced
(Beurer-Kellner et al., 2023; Prather, Denny, et al.,
2024) and what being skilled in programming even
means. Programming no longer revolves solely around
syntactic mastery or isolated problem-solving, but
increasingly involves the ability to collaborate with
intelligent agents, formulate effective prompts and
critically evaluate machine generated outputs.

These emerging skills challenge existing
pedagogical approaches in computer science education.
Consequently, the very definition of programming skill
is expanding to include competencies that are
metacognitive (e.g., decomposition and abstraction),
collaborative (e.g., iterative prompting and correction)
and evaluative (e.g., validation of Al-generated
solutions). While some of these skills have always
been considered relevant to programming, they are
sometimes viewed as advanced rather than
foundational. These changes align with Green’s (2011)
view of skill as a socially-contextualized expandable
capacity for value creation. As programming shifts
from code authoring to outcome orchestration (Bolici
et al., 2025), programmers must develop hybrid
expertise that blends traditional technical fluency with
new forms of communicative and supervisory literacy.
Mitigating skill decay and the illusion of competence
thus becomes an integral part of future-oriented skill
design (Rinta-Kahila et al., 2023).

Page 7279



3.1. Future programming skills taxonomy: A
relational perspective

To understand programming skills in the age of
generative Al, we must move beyond the individual
and adopt a relational lens. As Crowston & Bolici
(2019) argue, Al reshapes work not by replacing
humans, but by transforming how they relate to tools
and tasks. In this light, three core relationships define
the new programming skillset.

First, the interaction between the human and the
LLM centers on prompting: turning intent into
structured input. This ability requires abstraction,
decomposition and an understanding of how Al
interprets instructions and provided information
resources, skills that bridge what Hutchins et al. (1985)
call the “gulf of execution.” Prompting becomes a form
of cognitive translation, essential to making Al tools
useful. Studies have shown that prompt literacy
significantly affects users’ ability to benefit from Al
tools (Prather, Denny, et al., 2024; Yilmaz & Karaoglan
Yilmaz, 2023b).

Second, the human-to-task relationship remains
critical. Even when an Al tool writes code, humans
must understand the problem, define constraints and
ensure alignment with broader goals. This kind of
expertise anchors the use of Al in meaningful contexts.
Foundational coding capabilities still matter—but
increasingly resemble literacy skills, necessary but
insufficient for higher-level effectiveness. As noted by
Shan et al. (2025), more experienced programmers
benefit more from Al assistance because of their
deeper understanding of both the problem space and
code semantics.

Third, the human-to-output relationship involves
interpreting, validating and iterating on Al-generated
solutions. Navigating the “gulf of evaluation” demands
judgment and domain knowledge, particularly where
outputs may be misleading, flawed, or incomplete. Al
tools are known to hallucinate outputs (Mora, 2025) or
produce plausible but incorrect code (Jain et al., 2025),
reinforcing the importance of interpretive and
debugging skills (Annapureddy et al., 2025). If these
interpretive skills are not actively developed, there is a
risk that users may adopt AI outputs too readily,
reinforcing shallow understanding and reinforcing
mindless usage patterns.

These three relationships (prompting, expertise
and interpretation) form a new skill triangle, as shown
in Figure 1. Rather than following a linear progression,
they interact in modular and adaptive ways. In this new
landscape, programming skill is not displaced but
redistributed from execution to orchestration, from
syntax to strategy (Bolici et al., 2025).

Programming

Competence
TB.S_H Human — Task Dutput_
Framing [Problam framing & Interpretation

contexiualization)

Figure 1. A relational perspective of programming
competence in the age of Generative Al

3.2. Redefining what it means to be a
“programmer”

As generative Al systems increasingly handle code
generation, the role of the human programmer is being
redefined. Instead of focusing primarily on writing
code, programmers are now expected to engage in
multi-dimensional ~ coordination  tasks:  shaping
prompts, framing problems and interpreting complex
outputs in context. Programming becomes a practice of
directing intelligent systems, grounded in both
technical fluency and reflective judgment. Yet this shift
also introduces new cognitive risks, such as false
confidence and degraded procedural knowledge,
particularly when learners rely heavily on Al without
sufficient opportunities for explanation, iteration and
correction (Macnamara et al., 2024; Prather, Reeves, et
al., 2024). As shown in earlier sections (2.2.2-2.2.3),
over-reliance on Al tools can hinder the development
of procedural fluency, foster an illusion of competence
and impair long-term retention. Programmers may
appear effective while lacking a deep understanding of
the code they orchestrate.

This transformation brings forward three emergent
hybrid skill areas, where traditional competencies are
recombined with new demands introduced by Al

3.2.1. Meta-modeling and Al strategy: Blending
systems thinking with the capacity to mentally model
and direct AI behavior. This skill involves
understanding how Al interprets input, structuring
interactions over time and anticipating downstream
effects. It is a strategic skill set that bridges prompt
design, task decomposition and architectural foresight.
These capabilities tend to be more accessible to
experienced programmers, who benefit from more
advanced mental models and greater comfort in
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problem decomposition (Shan et al, 2025;
Zamfirescu-Pereira et al., 2023).

3.2.2. Interpretive and critical debugging: Extending
traditional debugging to include critical evaluation of
Al-generated outputs—not only code, but also
explanations, test suggestions, or incomplete rationales.
This skill involves interpreting diverse formats,
identifying subtle errors or misalignments and deciding
whether to refine the prompt, rewrite the code, or
reframe the task. While traditional debugging typically
focuses on fixing syntax errors or logical flaws in one’s
own code, debugging in Al-assisted contexts must go
further—combining interpretive analysis and critical
reflection. This expanded form of debugging requires
not only understanding the structure and logic of
machine-generated code, but also questioning its
validity, appropriateness, and possible bias. Rather than
treating code as self-contained and correct-by-default,
this approach encourages programmers to evaluate
both what the code does and whether it should be
trusted or used. Recent studies have shown that
learners who lack this evaluative layer tend to follow
flawed Al suggestions with minimal revision,
reinforcing  surface-level understanding (Prather,
Reeves, et al., 2024; Rahe & Maalej, 2025).

3.2.3. Situated problem framing and responsibility:
Combining domain knowledge, contextual awareness
and ethical reasoning to define problems that matter
and ensure that Al-generated solutions align with
real-world needs. This skill emphasizes accountability,
especially in complex or ambiguous environments,
where impact matters more than correctness alone. As
highlighted by Dell’Acqua et al. (2023), delegating
reasoning to Al without critical reflection can lead to
disengagement and the erosion of responsibility in
socio-technical contexts.

These three new hybrid skills reflect a move from
linear to adaptive, cross-functional expertise. The
programmer is no longer just a builder of solutions, but
a curator of intent, interpreter of meaning and steward
of quality in an increasingly automated and mediated
environment. Rather than replacing foundational
programming skills, generative Al calls for their
redistribution and augmentation toward a practice
where human insight, contextual intelligence and
reflective action are more central than ever.

4. Discussion

The model developed above has practical
implications, specifically its implications for skill
acquisition and maintenance efforts, in both formal and
informal learning settings.

4.1. Implications for education and workforce
development

First, the relational nature of programming in the
age of Al demands a shift in both education and
training. Curricula should evolve to include prompting,
interpretation and contextual expertise as core learning
outcomes, not peripheral skills. Teaching must go
beyond syntax to include Al modeling, interaction
refinement and output judgment. This shift calls for
pedagogical models that embrace iteration, uncertainty
and productive failure: conditions in which students
learn how to guide Al systems rather than uncritically
accept and adopt their outputs. Without guided
reflective learning approaches, learners may become
overly reliant on Al-generated solutions, experiencing
short-term gains at the cost of deeper skill acquisition
and long-term retention (Macnamara et al., 2024; Rahe
& Maalej, 2025). Likewise, assessment strategies must
move beyond output correctness to capture a learner’s
ability to steer and evaluate generative systems
effectively and ethically.

In professional settings, reskilling efforts must
support not only tool adoption but also the
development of adaptive expertise—the capacity to
apply judgment across diverse domains while
maintaining responsibility over outcomes generated in
collaboration with Al. Addressing the risks of skill
decay and illusion of competence will require not only
technical training, but also metacognitive awareness
and deliberate reflection on when and how to rely on
Al (Prather et al., 2023; Rinta-Kabhila et al., 2023). This
training includes helping learners recognize when to
trust, revise or reject Al-generated outputs, all skills
increasingly essential to work effectively.

4.2. Risk of skill polarization

Second, one of the most urgent challenges is the
emergence of a skills divide between those who can
effectively collaborate with Al and those who cannot.
Research shows that more experienced programmers
are better equipped to benefit from generative tools,
thanks to stronger domain knowledge and interpretive
skills. In contrast, novices may become over-reliant,
accepting outputs without understanding, which risks
stagnating their development. This over-reliance can
foster a false sense of mastery, where users feel
competent but lack the underlying procedural
knowledge needed to improve or adapt independently
(Macnamara et al., 2024; Prather, Reeves, et al., 2024).

Left unaddressed, this gap could foster stratified
labor markets, where a narrow group of “Al-fluent”
professionals oversees orchestration and validation
(Bolici et al., 2025), while others are relegated to
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lower-value tasks. To prevent this polarization,
inclusive training and access to foundational skills
must be prioritized alongside the teaching of new
Al-centric capabilities. As Mailach et al. (2024) and
Margulieux et al. (2024) show, students with lower
self-efficacy or fear of failure are especially prone to
early and excessive Al use—suggesting that
psychological as well as technical factors shape this
divide. Crucially, such interventions must not only
broaden access, but actively counteract the passive use
of Al by promoting reflective, critical engagement.

5. Conclusion

As generative Al transforms the nature of
programming (and work more generally), traditional
notions of skill are no longer sufficient. This paper
reframes programming not as code production but as
hybrid coordination, where expressing intent,
interpreting outputs and contextualizing tasks become
core competencies. Our relational perspective reveals
that future expertise lies in orchestrating interactions
with intelligent systems, not just mastering syntax. The
central  challenge is not automation, but
meaning-making: ensuring that the human remains
accountable, reflective and skilled in a world of
powerful but fallible Al In this landscape,
programming is not disappearing, rather it is evolving.

This  conceptual paper provides several
opportunities for future research. A major need is to
test the model proposed in this paper. Research can
also extend from our focus on programming to
software engineering more broadly and to other skills
that can now benefit from technological support.
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