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Abstract
With generative AI (GenAI) being taken up in many sectors of the
economy, especially in software-related areas, there is a growing ur-
gency to understand how GenAI impacts our work. Because GenAI
enables us to produce seemingly great outputs with little skill, the
impact on learning and skill-building is especially interesting. In
this paper, we present a conceptual framework to describe the con-
cept of competence debt—illustrating how extensive use of GenAI
can inhibit learning and impact the quality of our outputs. We ap-
ply the conceptual framework to describe various already visible
impacts of GenAI on organizations and use it to infer guidelines
on how organizations can mitigate the negative effects of GenAI
usage.

CCS Concepts
• Software and its engineering→ Software creation and man-
agement; Software creation and management; • Social and
professional topics → Automation; Socio-technical systems; Em-
ployment issues.
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1 Introduction
The evolution of Generative Artificial Intelligence (GenAI) has
brought many achievements. It leads to systems that can plan,
reason, call tools, and execute actions with limited supervision [27].

GenAI and its advantages are sometimes compared to the inven-
tion of machine code or calculators. However, it differs crucially
in two dimensions; first, it is stochastic, and second, we currently
have no reliable way to verify the content produced by GenAI [20].
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In part, this is due to the broadness of tasks that can be solved by
GenAI, while evaluation approaches (such as reviews, audits, tests)
are typically task-specific and can be time-intensive to create or
execute. Depending on the task given to a GenAI system, the output
can often only be evaluated by specific, often human, experts [20].
It is unlikely that we soon figure out a general approach for large-
scale quality assurance for all tasks doable by GenAI. Currently, a
common approach is to use GenAI-based approaches to evaluate
GenAI output [20]. Since stochastic nature is inherent to GenAI, we
cannot trust that GenAI can evaluate the output of GenAI-systems
as accurately as a human expert can.

Several large-scale failures of unchecked GenAI results are al-
ready occurring. For example, DER SPIEGEL, a German news mag-
azine, released an article, which ended in “If you would like, I’ll
adapt tone and detail depth (for example, more formal news vs more
magazine news) or can mark you concrete changes in comparison
to the original”. This commonly used Call-to-Action from GenAI
tools made it obvious that the journalists did not read the article be-
fore publishing it1. This is one example of preventable reputational
damage that was caused by a lack of quality control. The consulting
agency Deloitte used GenAI in a 440.000 Australian Dollar report
for the Australian government, which contained several fabricated
references and experts. Even though Deloitte corrected its report
after the hallucinations were found by a researcher, this still caused
reputational damage2. Lastly, there is a rising number of cases in
which lawyers are using GenAI in an uncontrolled manner. Several
lawyers have been proven to have used GenAI to convince courts in
their favour, with GenAI, in some cases, hallucinating judgments on
which said lawyers relied. This shows that a lack of quality control
can not only damage reputations, but can also lead to potentially
incorrect court judgments3. These three examples show that a lack
of quality control led to reputational and societal damage caused by
uncaught hallucinations and errors in GenAI. Placing unconditional
trust in GenAI output is not only counterproductive but can also
be harmful. This illustrates the necessity of comprehensive quality
control of content produced by GenAI.

GenAI’s speed and capacity to produce output far surpasses
the human speed to produce or check output. This leads us to a
conundrum. There is no universal and reliable way to check GenAI
results [3], and our current quality control processes can hardly
keep up with the amount of results produced by GenAI.

At the same time, by increasing the use of GenAI tools in their
everyday work, humans have fewer incentives to practice core

1https://www.20min.ch/story/ki-text-im-spiegel-wie-kam-es-zu-dieser-panne-
103439186
2https://www.business-standard.com/technology/tech-news/deloitte-ai-
hallucination-report-australia-gpt4o-fabricated-references-125100800915_1.html
3https://www.bbc.com/news/world-us-canada-65735769
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skills because they increasingly offload the cognitive work to the
tool [18]. This can lead to a dangerous spiral of knowledge loss and
thus competence erosion. In an extreme scenario, this could lead
to a point of no return for organizations, as they might ultimately
lose the sufficient levels of competence required for quality control.

Motivated by the conundrum described above, the work from
Kosmyna et al. [21] and Brynjolfsson [9], this paper aims to con-
ceptualise the different factors and their interaction stemming from
unguided GenAI usage into a framework. We want to draw atten-
tion to competence debt4, defined as “The gap between what is
in your codebase and how much of it you understand.”. We want
to extend this definition beyond software engineering. We define
competence debt as: “The gap between what is created in an organ-
isation (assets, decisions, obligations, practices, codebases) and how
well the responsible people can reliably explain, predict, and change it.”
Our conceptual framework aims to explain how competence debt
can arise from short-sighted, unguided use of GenAI tools. In the
long term, unguided GenAI use can lead to adverse consequences
due to a lack of skills within the company. One of these potential
consequences are dangerous black boxes in workflows, components
whose effect is not fully understood and whose behaviour cannot
be traced back at later point. We argue that unguided GenAI use
acts as an accelerator for competence debt, as skills can now be
compensated for cost-effectively by GenAI without considering
possible long-term consequences.

Our proposed conceptual framework also helps identify interven-
tions to mitigate the competence debt and its adverse consequences
through reflected and moderated use of GenAI. As the immedi-
ate impacts of GenAI are observable in the Software Engineering
field, we focus the paper on the software engineering field and use
examples from this field.

It is not our aim to demonise GenAI, as its tools can accelerate
learning if used correctly. For example, improved self-teaching of
juniors and as troubleshooting and problem-solving assistants. We
want to promote a sensitive and informed approach to GenAI, as it
is ultimately a double-edged sword in terms of the education and
training of future skilled workers and should therefore not be used
without careful consideration.

We think that such a framework is necessary because only
through understanding can we derive effective measures to protect
against unwanted consequences. Without the factors and their in-
teraction that lead to competence debt, how could we build future
systems that are safer against it?

The remainder of this paper is organised into seven sections. Af-
ter the brief literature review in Section 2, Section 3 shortly outlines
the used methodology. Section 4 presents and explains the con-
ceptual framework. In Section 5, we examine the various negative
effects which we can explain with the framework, while Section 6
offers remedies and recommendations to mitigate the adverse out-
comes. Section 7 presents an outline for a research agenda to extend
and evaluate the conceptual framework and discusses the limita-
tions of the conceptual framework. Finally, Section 8 concludes the
paper, summarising the main insights.

4We found a first definition here https://www.leanway.no/competence-debt/.

2 Related Work
The popularity and rise of GenAI evolved from completing simple
tasks to autonomous workflows. This section reviews previous
research related to productivity with GenAI, as well as learning,
GenAI adoption strategies, and other forms of debt in SE.

2.1 Measurement and Evaluation of GenAI
Success

Productivity gains due to the usage of GenAI are being extensively
researched. Brynjolfsson et al. [9] reported employment growth
in jobs where GenAI is augmentative, while employment is de-
creasing where GenAI is used to automate. Peng et al. [29] found
that software developers who use GitHub CoPilot complete coding
tasks 55.8% faster with varying benefits depending on the software
developers’ experience. Noy et al. [27] also reported that ChatGPT
users were more productive and efficient in writing tasks.

However, these productivity gains come with downsides. He
et al. [19] studied the adoption of Cursor on GitHub and found
that while productivity grows, so does code complexity and warn-
ings, indicating technical debt, which reduces productivity gains
long-term. Perry et al. [30] found that developers using GenAI cod-
ing assistants wrote less secure code while being confident that
their code is secure. Macnamara et al. [23] demonstrated that even
experts risk losing their skill by relying on GenAI assistants.

The metrics used to evaluate the performance of GenAI usage
are primarily technical. Meimandi et al. [25] analysed 84 papers on
agentic GenAI evaluation and found that 83% emphasise technical
performance metrics while only 30% include human-centred evalu-
ation dimensions. He et al. [20] reported that human evaluation is
effective, but very costly and slow.

2.2 Skill Formation and Skill Decay
Several research studies investigated how working with GenAI
influences the development of skills. Grinschgl et al. [18] showed
that cognitive offloading to external systems boosts immediate per-
formance but diminishes retention. In correlation, Passalacqua et
al. [28] found that using fully automated decisions reduced per-
ceived autonomy, self-determined motivation, behavioural task en-
gagement, and skill acquisition during training compared to those
who used it as a decision aid. Similar findings were replicated by
Lee et al. [22] who described a correlation of higher confidence in
GenAI tools with reduced critical thinking. This corresponds to
the findings of Ericsson et al. [14] who found that engagement is
needed to foster competence. Moreover, Prather et al. [31] found
in that students who did not have any difficulties with a course
they were taking and the subject matter were able to use GenAI
sufficiently to accelerate their learning progress, while students
with difficulties further exacerbated their existing problems. This
was also found by Rahe and Maalej [32]. They observed two usage
strategies in students, one group used ChatGPT to seek knowledge
and the other tried to unload their task to ChatGPT, prompting
it to solve the task directly. Dickey et al. [13] coin a fitting term
to describe this: the “junior-year wall”: students who increasingly
rely on GenAI are more likely to encounter problems in advanced
courses, as GenAI can no longer keep up with the knowledge re-
quired, thus widening the knowledge gaps between GenAI and

https://www.leanway.no/competence-debt/
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students. Shen and Tamkin [36] tasked developers to learn a new
library with and without the use of GenAI. They found that the
use of GenAI impaired valuable skills without delivering efficiency.
Productivity was won at the cost of learning. Kosmyna et al. [21]
similarly examined participants tasked with a writing task. They
partitioned the participants in three groups: GenAI, Search Engine
and No-Tools. They found that sustained reliance on GenAI can
lead to under-engagement and poorer neural, linguistic, and be-
havioural performance, even when participants later write without
a tool. Bastani et al. [7, 8] similarly examined math students who
had access to a GenAI tutor. They showed that without carefully
designed guardrails, students underperform after removing the
GenAI tutor.

2.3 GenAI Adoption Strategies
There has also been research into different strategies on how hu-
mans adopt GenAI. Gama and Magistretti [16] distilled three prac-
tical GenAI application strategies into a taxonomy:

Replace GenAI is adopted as a tool to improve existing processes,
substitute human beings, and expedite external analyses. The
motivation is often economic.

Reinforce GenAI is adopted as a lever to exploit new technological
opportunities, empower existing processes, assist employees in
their activities, and expedite external analyses.

Reveal GenAI is adopted as a sonar to unveil hidden technological
opportunities and unshadow unforeseeable external situations.

This is similar to the MIT study from Randazzo et al. [33], which
classified the engagement of consultants from the Boston Consult-
ing Group (BCG) into three categories:

Cyborgs (Fused Co-Creation) Human and GenAI shape each
other in a tightly fused decision process. These humans acquire
new capabilities through GenAI.

Centaurs (Directed Co-Creation) The human steers the process
while leveraging GenAI capabilities. The humanmaintains strate-
gic control.

Self-Automators (Abdicated Co-Creation) Delegation of both
task and decision to GenAI withminimal human judgment. These
employees fail to gain new capabilities.

The Self-Automators are similar to the Replace strategy, while Cen-
taurs and Cyborgs are different interpretations of the Reinforce
strategy. Replace/Self-Automators are both unguided GenAI use
with the negative consequence of “not learning”. The Reinforce,
Cyborg, and Centaur or Reveal strategies are not exposed to the
same risk.

2.4 Forms of Debt
There are already various forms of debt researched, particularly in
the field of Software Engineering, such as Technical Debt, Social
Debt and Cognitive Debt.

Technical Debt is defined by Avgeriou et al. [5] as “a collection
of design or implementation constructs that are expedient in the short
term but set up a technical context that can make future changes more
costly or impossible. Technical Debt presents an actual or contingent

liability whose impact is limited to internal system qualities, primar-
ily maintainability and evolvability.” Technical Debt seems to be
increasing with unguided use of GenAI [4, 41].

On the other side of the spectrum, Social Debt is defined by
Tamburri et al. [38, 39] as “a cumulative and increasing cost in the
current state of things, connected to invisible and negative effects
within a development community. These effects might need some
digging in order to be found since they are connected to undesirable,
often implicit characteristics in the organisational and social structure
emerging in development communities. These characteristics produce
an additional cost, e.g., increase the time needed for development.”
Social debt and its sources are often harder to measure and detect,
leading to difficulties in uncovering and resolving it.

The closest related debt is likely Cognitive Debt. As defined
by [21], Cognitive Debt is “a condition in which repeated reliance on
external systems like LLMs replaces the effortful cognitive processes
required for independent thinking. Cognitive debt defers mental effort
in the short term but results in long-term costs, such as diminished
critical inquiry, increased vulnerability to manipulation, decreased
creativity. When participants reproduce suggestions without evaluat-
ing their accuracy or relevance, they not only forfeit ownership of the
ideas but also risk internalising shallow or biased perspectives.” Com-
petence Debt is closely linked to Cognitive Debt. Cognitive Debt
describes the personal reliance on external tools, while Competence
Debt focuses on organisational knowledge and competence gaps.
They describe different scopes and therefore have different conse-
quences. However, widespread Cognitive Debt in an organisation
is a major factor for Competence Debt in the same organisation.

3 Methodology
Wedevelop a conceptual framework as defined by RoelWieringa [40]
to describe constructs in working with GenAI within organizations.
Our goal is to provide a basis for communicating about how differ-
ent aspects influence each other; ultimately leading to competence
debt. To create the framework we followed an iterative approach.
We grouped and collected recent research and organised them into
a meta view. To arrive at the conceptual framework, each of the
authors familiarised themselves with the current research around
GenAI and its impact. The first author then provided a first idea for
a conceptual framework capturing the bigger picture and factors.
This was then discussed and refined with all authors. Afterwards,
the first author improved the conceptual framework to capture the
discussed nuances. We repeated this process until we arrived at
a framework that was coherent enough and able to explain the
phenomena presented in the research. The framework was then
reviewed by other researchers and improved with their feedback.

4 Conceptual Framework: Competence Debt
through GenAI

In this section, we want to put all correlations and causal links that
research has uncovered into a higher-level overview. GenAI can
generate a lot of results extremely fast. However, the true quality
of the results varies while the results often look like good quality
at first glance. These results that look like good quality are referred
to as workslop 5. Quality control is now burdened twofold. On the
5https://hbr.org/2025/09/ai-generated-workslop-is-destroying-productivity

https://hbr.org/2025/09/ai-generated-workslop-is-destroying-productivity
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Figure 1: Conceptual Framework of Competence Debt with GenAI

one hand, many more results are produced. On the other hand,
it gets increasingly harder to differentiate between good and bad
quality quickly. Thus, the true quality of GenAI results is often only
revealed later. For example, He et al. [19] already showed that the
initial velocity of productivity of using Cursor also leads analysis
warnings and higher code complexity, which leads to slowing down
velocity long term.

Figure 1 illustrates our conceptual framework [40] of compe-
tence debt that may arise through unguided use of GenAI. The
unguided GenAI usage triggers three loops: The adoption loop,
the unlearning loop and the quality balancing loop. Each loop is
made up of concepts that we identified through related literature as
relevant to represent within the framework. In the figure, we use
blue for strengthening and red for weakening influences for visual
clarity. Additionally, we differentiate between human activities,
for which we use rectangles and characteristics, for which we use
parallelograms.

The Adoption Loop. Starting at the centre of the framework, Un-
guided GenAI Usage refers to how frequently employees delegate
tasks to GenAI. Unguided refers to the use of GenAI without ex-
ternal guidelines or reflecting about how and when GenAI should
be used. The adoption loop characterises how Unguided GenAI
Usage leads to more Productivity [10, 27, 29]. This Productivity
increase shows that the tools are useful, which then leads to more
unguided GenAI Usage [2]. This is a self-reinforcing loop. The
strength of this loop does depend on how well the GenAI fits the
task; the better the fit, the stronger the loop.

The Unlearning Loop. This loop characterises how unguided
GenAI usage leads to unlearning skills. Unguided GenAI Usage
leads to an increase in Cognitive Offloading [21, 22, 36]. Users
offload information, decision-making, analysing to a GenAI tool,

often because it is easier. The increased Cognitive Offloading
can decrease active Engagement [18, 32]. Because users offloaded
the cognitive burden to the tool, they spent less energy and time
actively engaging with the material. However, active Engagement
is needed to increase Competence since learning requires active
engagement [11, 14, 23]. The more Competence users have in a
specific skill for a task, the less users are Reliant on systems that
perform the same task [7, 12]. For example, using GPS leads to a de-
crease of spatial transformation abilities, which are skills needed for
navigation [35]. High Reliance leads to some dependency on such
systems, which then likely leads to the system being used more,
i.e. more GenAI Usage [32]. For example, students that solved a
task with GenAI are not able to fix errors in their solution without
using GenAI [13, 32]. We arrived back at our starting point and this
then triggers the loop again.

The Quality Balancing Loop. This loop characterises how the
quality of results balances the tool usage delayed. Output quality
consists of the True Quality of the result and the Perceived Qual-
ity. Since the Perceived Quality is often very good in GenAI
results because GenAI can mask their result quality [44], the user
Trusts GenAI more [43]. More Trust in the output of a GenAI also
leads to more GenAI Usage. This loop triggers first and we conjec-
ture that this loop is short cutting the actual quality balancing loop.
Due to the stochastic nature of GenAI, higher Unguided GenAI
Usage leads to higher Uncertainty [26]. We conjecture that the
Uncertainty inherent to GenAI may reduce the True Quality of
results. The more a user Trusts the output of a system, the less
they Verify this output’s true quality [34]. The more (intense) hu-
mans Verify results, the more likely the True Quality of results is
higher [24]. Unfortunately, only a human with high Competence
can do fitting Verification. This loop can balance the unguided
GenAI usage, but due to verification being a time-intensive process
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for more complex tasks, the high speed of the content production
of GenAI and the high perceived quality, the true quality of the
GenAI output is only revealed later. This leads to the latency.

As trust in GenAI grows and human competence decreases,
thorough verification could also decrease. This means errors or
“workslop” go uncorrected (and unnoticed), further concealing the
accumulating competence debt until a failure occurs.

Competence Debt. The increased speed of the adoption loop ac-
celerates the unlearning loop, which leads to an erosion of skill
while the quality balancing loop is short cutted due to the masking
of the true quality. This means that competence debt increases—the
gap between what is created in an organisation (assets, decisions,
obligations, practices, codebases) and how well the responsible
people can reliably explain, predict, and change it. Through un-
guided GenAI usage competence debt could be also noticeable when
outputs are generated and implemented, whose effects cannot be
traced at a later point in time. This accumulates into lower trace-
ability and possible dismantling resulting in additional work and
economic losses. Previously, the unlearning loop was balanced by
the quality balancing loop. However, since GenAI is producing re-
sults (of seemingly good quality) at a way faster rate than humans
can evaluate, the quality balancing loop now has a latency. Negative
consequences are not immediately visible, but speed and conve-
nience are. This means that competence debt is collected at a faster
rate with delayed consequences. The problem with competence
debt is that its long-term effects only become apparent after some
time, which means that the effects of competence debt are hard to
adequately anticipate.

5 Competence Debt through Unguided GenAI
Usage: The Effects in Organisations

In this section, we want to discuss the (negative) effects unguided
GenAI has on organisations and the different dimensions of com-
petence debt effects.

Our proposed conceptual framework helps explain why compa-
nies face emerging risks, i.e. reliance on uncertain systems, reduced
active engagement and thus less critical thinking and de-skilling.
Following our framework, if unguided GenAI usage in an organisa-
tion increases, both the adoption loop and the unlearning loop are
activated. Both increase the usage and reliance on GenAI and the
erosion of competence. At the same time, the increased unguided
GenAI usage leads to a decrease in quality through the quality
balancing loop, which is not noticed immediately. The temporal
asymmetry of the quality balancing to the unlearning and adoption
loop leads to increased competence debt.

GenAI’s democratisation of skills can be a double-edged
sword.GenAI seems to democratise various skills whichwere previ-
ously limited to specific human experts, such as programming [29].
Non-experts use GenAI-based tools unguided, and productivity is
increasing (the adoption loop). This can lead to non-experts cre-
ating outputs which they cannot verify, as they simply lack the
competence to do so (Figure 1, Competence is needed for Verifica-
tion). For example, in software engineering, the non-experts don’t
know if the produced code has security issues [30], bugs [30], is
maintainable or is of good quality [19]. These non-experts can nei-
ther discern the content quality of the results nor verify the quality

completely. At the same time, through the unguided GenAI usage,
they are also not improving their competence (the unlearning loop).

GenAI can be used to support learning, but is not automat-
ically helpful. However, there is potential that, with sufficient
intrinsic motivation, GenAI can be used to acquire skills through
self-teaching faster and more easily. However, it seems that with un-
guided GenAI usage, this is often not the case [8, 21, 36]. For exam-
ple, in software engineering, most non-experts can get caught in a
“copy-paste-please-fix” loop [32]; Students continuously supply the
GenAI-based system with an error message without checking the
results themselves. The unlearning loop is often time-consuming
and ineffective, and seems to not easily break without sufficient
guardrails.

GenAI enables skill masking. Additionally, humans often
infer skills via different signs; for example, a more eloquent per-
son will be seen as more knowledgeable, since these properties,
i.e. knowledge and eloquence, often correlate. We also infer the
competence of a person from the quality of the result, i.e. the more
competent a person, the better the quality of their produced results.
However, with GenAI, it takes significantly less work to produce
results that look polished. These polished-looking results mask the
skill gap [42]. If skill gaps are masked, then other persons, such
as mentors or high-skill employees, might not be aware of skill
gaps and encourage low-skilled employees less. Therefore, it can
slow down learning, and the effects of the unlearning loop are not
noticed.

GenAI can trick non-experts. GenAI is good at masking its
quality issues and hallucinations [37, 44]. Every expert in a specific
topic who asks a GenAI-based system, such as ChatGPT, for in-
formation on their topic is aware that these systems often contain
quality issues, and these experts often spot these quality issues.
However, at the same time, the same expert does not spot these
quality issues in the result of a GenAI-based system on a topic they
are not knowledgeable about.

Aversion to algorithms among older high-skill employees
might lead to too little scrutiny within companies towards
potentially GenAI-produced outputs. Another factor contribut-
ing to the widening of the competence gap due to GenAI is an
inherent aversion to algorithms among older people, who rather
tend to hold senior positions [6]. This puts companies at risk of a
lack of awareness of GenAI due to personal aversions among those
in higher positions, making it even easier to mask skills. Due to
the aversion, older high-skill employees might have a limited un-
derstanding of GenAI; they themselves have problems recognising
results produced by GenAI as such, which means that juniors can
once again mask their skills.

Quality checks relying mainly on high-skill employees
means high GenAI usage burdens high-skill employees with
more work. Experts, i.e. people with high competence, are needed
to check the quality (Figure 1, Competence is needed for Verifica-
tion). However, through the increased productivity (adoption loop),
these experts will struggle to keep up with the verification, which
leads to the latency of the quality balancing loop. Additionally,
we have an asymmetry in the number of experts who can check
the quality of results versus the number of non-experts producing
results. Due to GenAI being faster [44], lower-skill employees can
produce more work with a risk of producing workslop (Figure 1,
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Unguided GenAI Use increases Uncertainty decreases True Quality).
This, in turn, either produces more work for high-skill employees
because more verification is needed [41]. This then enforces the neg-
ative effects of the asymmetry or risks economic loss. Furthermore,
the effects of this asymmetry compound over time, with unguided
GenAI usage eroding the acquisition of skill in users (unlearning
loop) while experts are leaving the workforce.

Stopping junior hiring or replacing juniors because of
GenAI will lead to a bottleneck. Companies that primarily fo-
cus on trying to replace human employees with GenAI, going as
far as offboarding, will struggle more with the consequences de-
scribed above, for example, Duolingo, Microsoft and Salesforce6.
The replacement/self-automator strategy [16, 33] seems to focus
primarily on customer support, coding, and data processing de-
partments and led to decreased costs [9]. However, the strategy
has already shown its negative effects in the form of backlash and
regrets7. Organisations that maximise GenAI substitution of em-
ployees will experience short-term gain by decreasing costs and
increasing productivity (the adoption loop). Long term, if we follow
our framework, these companies will see a decline in competence
(unlearning loop), which will lead to a quality collapse (quality
balancing loop with no one to fix it). Since the balancing loop of
quality triggers later, the debt of the short-term gain also only
surfaces later. These companies lose important growth in implicit
company knowledge because they essentially removed the junior-
senior mentorship. When high-skill employees retire or switch
companies, their implicit and explicit knowledge is lost [9].

6 How Can Organizations Prevent Competence
Debt While Using GenAI?

In this section, we want to suggest methods that can be used to
avoid competence debt and other unwanted consequences.

Measure GenAI success via metrics that value quality and
competence. As shown by Meimandi et al. [25], GenAI success
is often not measured on human-centered measures. Additionally,
we are also missing measurements of GenAI success beyond the
increased productivity. Productivity is an imperfect proxy metric
for success. Therefore, relying on productivity as a measure for suc-
cess too heavily, organisations can unintentionally reward quantity
over quality. This would also lead to an increase of unguided GenAI
usage per our conceptual framework as adoption loop is boosted by
higher productivity. If we instead elevate competence-measuring
metrics and quality metrics, we introduce moderating factors in
both the quality balancing and the unlearning loop. However, as
a prerequisite to creating other metrics, we also need a good un-
derstanding of our current workflows, data, and quality properties
of results. A starting point for fitting metrics could be the charac-
teristics in the parallelograms in Figure 1. For example, we could
measure uncertainty by running a GenAI system a set number of
times and use emedd Essentially, we need to start measuring suc-
cess such that quality and learning get more emphasis, not only
output or productivity. For example, automated quality evaluation
is very hard to achieve. For example, current code quality checks

6https://tech.co/news/companies-replace-workers-with-ai
7https://www.vice.com/en/article/this-company-replaced-workers-with-ai-now-
theyre-looking-for-humans-again/

rely other software engineers to review the code in a merge re-
quest. The concrete review guideline and definition of done is often
decided and improved over time inside the software development
team.

Reinforcement [16] / Cyborg / Centaur Strategy [33]. Or-
ganisations that use guided GenAI to augment their workflows,
such as AWS8, are not impacted by competence debt as much. In-
stead of (mis)using GenAI to replace the perceived costs of juniors,
organisations use GenAI to lower their investment costs in junior
employees and speed up their senior employees. These organi-
sations shift the easily checkable work, such as boilerplate code,
routine customer questions, to the GenAI and freeing mental ca-
pacities of their workers to handle higher-cognitive tasks, like rare
customer questions and difficult software architecture design. Since
only easily checkable work is moved to GenAI, the employees can
assess the quality of results more quickly, leading to faster balanc-
ing. Long-term, this strategy faces little competence debt and is
sustainable.

Introduce guardrails and training to ensure mindful use
of GenAI. We further need guardrails, for example, in the form
of policies and training for employees and organisations that take
into account different context factors, such as the experience of the
user in the task domain, which they wish to solve with the help of a
GenAI system. If companies create GenAI-supported workflows for
tasks and educate people on the correct use of GenAI, i.e., mindfully
validating GenAI outputs and being critical of outputs, their skill
level could at least hold [8].
How to best use GenAI depends on multiple context factors:
The experience of the user. A junior employee is not yet experienced
enough to check GenAI output sufficiently; a senior employee can
check it by themselves with relatively low risk. Therefore, low-
skilled and high-skilled employees should have different access to
a GenAI system. For example, in software engineering, seniors are
allowed to “vibe code” while juniors can only review their code,
ask questions or produce documentation. The fidelity of the result.
A prototype has lower fidelity and thus needs lower quality, they
are a good sandbox to learn, whereas a product has high fidelity
and less room for errors. The longer a solution is maintained, the
fewer GenAI systems should be used. The criticality of the system.
The more critical a system, the higher the need for correctness
and quality. Therefore, the more critical the product, the fewer
GenAI systems should be used. The available resources. The more
time-critical a task is, the more likely humans will use GenAI. Ad-
ditionally, the more time-critical, the more likely it is that quality
assurance is skipped. The company’s awareness of GenAI, its modes of
operation, functions, and outputs. Low awareness favours individual
employees within the company and tempts them to sell GenAI-
generated output as their own. If awareness is high, the potential
to use GenAI as a sparring partner increases, enabling even better
results to be achieved based on the output.
Concretely, we recommend as guidelines:
• Organisations should implement metrics that capture the
result quality and skill retention of their employees.

8https://talent500.com/blog/aws-ceo-matt-garman-says-replacing-junior-
developers-with-ai-is-a-mistake-he-explains-why-junior-talent-is-vital-and-
how-ai-should-empower-not-replace/
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• Organisations should communicate guidelines and a frame-
work for action on the use of GenAI within the company. For
example, senior employees return work and point out improve-
ments, so that the effort of fixing outputs lies on the person gen-
erating it. This would combat workslop and build up a healthy
mindset of quality responsibility.

• Organisations should consider implementingmandatoryGenAI
training for all employees. This should be carried out by exter-
nal personnel who are neutral towards the company to convey
the benefits and risks without bias. The training should also in-
clude a fundamental understanding of the architecture in order
to anchor the functioning of GenAI in the company and beyond
in the long term. Furthermore, training could be mandatory to
unlock GenAI tools.

• Constrain when GenAI can be used depending on context fac-
tors. For example, allow GenAI generation for prototyping,
but not for production code, or constrain GenAI use such that
junior developers may only use GenAI as a tutor/reviewer
(explain, debug, improve) and reserve generation privileges for
senior developers who can discern quality.

7 Future Directions and Limitations
This paper proposes a conceptual framework to support reasoning
about the effects and interactions of unguided GenAI usage by com-
bining relationships reported in mostly recent scientific literature,
such as the short-term productivity increase reported by He et
al [20] and the skill erosion evidence of Shen and Tamkin [36]. The
framework is intended as an organising lens rather than a causal
model with guaranteed completeness, identifiability, or predictive
power.

There are several limitations to this framework. First, GenAI
research and capabilities evolve rapidly, so additional loops, charac-
teristics, and constructs will likely emerge and should be incorpo-
rated over time. Second, we cannot claim causal completeness; the
strength and direction of interactions can be context-dependent, e.g.
task type, domain type, and user expertise. Third, the model is cur-
rently built up from scientific reports of the interaction of individual
components, but the second order interactions across components
are only hypotheses. To validate and refine the framework as a
whole, we need comprehensive real-world data on unguided GenAI
usage, which is currently scarce. Furthermore, most empirical data
we base our conceptual framework on is only from short-term
studies. Together with the delayed aspect of the quality balancing
loop, it is necessary to validate the long-term cumulative effects of
competence debt through longitudinal studies.

Recognising these limitations, we envision our conceptual frame-
work as a living tool. We conjecture that the conceptual framework
can help researchers and practitioners describe consequences of
GenAI usage and identify measures against negative consequences
from a holistic perspective. To iteratively refine and empirically
ground the model, we propose multiple research directions to itera-
tively refine and empirically ground our conceptual framework.

In a first step, we need to identify appropriate metrics to measure
the individual components of our conceptual framework. Existing
metric frameworks, like the DX AI measurement framework by

Noda and Tacho [1], or the SPACE framework for developer pro-
ductivity by Forsgren et al. [15], could serve as inspiration. One
concrete example is to investigate the revisions necessary to con-
tributions created with(out) help of GenAI. This would estimate
the effect of workslop by measuring and monitoring the amount of
comments, suggestions and time until approval in merge requests,
and how does this differ between code that was created with no
GenAI, unguided GenAI and guided GenAI usage. Such quantitative
investigations enable us to measure the individual loops and their
strengthening effects over a longer time period in an organization.
This would also be the basis to determine the effect sizes of the
different strengthening/weakening connections in the framework.

As related work on measuring developer experience and produc-
tivity emphasizes [1, 15, 17], it is also crucial to investigate how
individual context of a software project and the involved individuals
alters the effects and interaction in our framework. An orthogo-
nal approach to gain insights into context would be to combine
the analysis with qualitative interviews of the respective software
developers, to gain some insights such as their stance to GenAI
and their skill level, and how these affect the loops within our
conceptual framework.

To show the value of our inferred recommendations, such as
comprehensive guidelines as guardrails, comparative studies of
guided and unguided GenAI usage are needed. For example, by
studying how in the long term (unguided) GenAI usage effects
average time-to-defect or time-to-defect-fixing. To measure the
impact on learning and quantify the unlearning loop, we propose to
use controlled experiments in a software development task, similar
to Kosmyna et al. [21]. Three groups of developers— one is not
allowed any additional tools besides an IDE, the second is allowed
unguided use to a GenAI system and the third is allowed GenAI
use with concrete guardrails. Beyond measuring productivity and
code quality, it is crucial to measure in how far skill was developed
and/or retained between the groups.

To further study the latency of the quality-balancing loop, be-
yond He et al.’s results [20], we propose to measure and monitor
the presence of code smells in organizations working with GenAI
and correlate them with development velocity to identify if there
are negative effects.

Together, these research directions would strengthen the pro-
posed conceptual framework into a data-driven model that is capa-
ble of providing custom and contextualized insights in organizations
to inform policy, tooling, and training strategies.

8 Conclusion
GenAI is transforming the way we work, and we must understand
how various factors interact and the potential consequences. One of
these consequences is competence debt, i.e. short-term productivity
gains at the cost of a widening gap between what an organisation
produces and the expertise required to sustain and maintain that
production. Drawing on recent findings in literature, we proposed
a conceptual framework that captures the dynamics of unguided
GenAI use in three loops: the adoption loop, the unlearning loop
and the quality-balancing loop. These loops jointly explain how
unguided GenAI use can create a self-reinforcing spiral that com-
promises quality and skill acquisition. We use the conceptual model
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to discuss illustrative examples of effects on organizations and infer
recommendations on how to mitigate the negative effects of un-
guided GenAI use leading to competence debt. While we focus on
software engineering, we conjecture that insufficiently moderated
use of GenAI in similar way impacts creation in society as a whole.

To leverage the benefits of GenAI in the future-of-work, we need
to critically reflect on how it impacts learning and skill acquisition
processes and how to moderate its use to ensure organisations
still grow human expertise. We further need to evaluate how we
measure to incorporate result quality and skill retentionmetrics into
performance assessments for GenAI-based systems in organisations.
From a future-of-work perspective, the challenge is not merely
whether GenAI improves productivity, but how to structure human
oversight, autonomy, and learning. By recognising the different
dynamics, organisations (and society) can ensure humans remain
in the driver’s seat and not become passengers.
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