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Abstract

Al-assisted programming tools are increasingly adopted to enhance developer produc-
tivity by automating routine tasks and accelerating software development. While early
evidence highlights short-term productivity gains, our study shows that excessive re-
liance on Al can unintentionally accelerate the accumulation of technical debt, leading
to escalating maintenance costs and eventual revenue erosion. Drawing on interviews
with software engineers and insights from the literature, we build a dynamic simulation
model to examine the long-term impacts of Al-assisted coding under varying conditions
of project horizon, legacy-system interaction, developer skill, and market dynamism.
Our results reveal that productivity benefits follow an inverted-U pattern: there ex-
ists a “sweet spot” where Al assistance improves overall performance, but beyond this
threshold, compounded technical debt undermines system maintainability and prof-
itability. We further show that greenfield environments and fast-evolving markets can
tolerate higher levels of Al assistance, whereas brownfield (legacy) settings and teams
with less skilled developers are substantially more susceptible to long-term decline. We
identify technical-debt retirement as a strategic guardrail that can help sustain Al ben-
efits over time. These findings demonstrate that Al-assisted development is not simply
a choice of productivity tool, but a strategic decision that must consider programming

environment constraints, system longevity, skill composition, and market factors.
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1 Introduction

Generative Al has entered the software development landscape with ambitious promises.
Tools like GitHub Copilot, Cursor, and Claude Code offer to write code, craft tests, and
even design systems. Early evidence suggests that these tools can indeed accelerate coding
tasks, reduce time spent searching documentation, and assist in the generation of test cases.
Experimental evaluations and industry reports frequently tout productivity gains ranging
from 20% to 55% (Peng et al.[2023, |Cui et al.|2024, |Paradis et al.[2025| Bakal et al.[2025)), and
several organizations have begun integrating Al tools into their development processes with
the expectation of significant cost savings and performance improvements. Some industry
leaders have reinforced these expectations: for example, Dario Amodei, CEO of Anthropic,
has predicted that “we will be there in three to six months, where Al is writing 90% of the
code. And then, in 12 months, we may be in a world where Al is writing essentially all of the
code” ((Amodei[2025). Similarly, Jacob Jackson, founder of the startup that created TabNine,
argued in a 2024 interview that “there’s no such thing as junior developers anymore because
AT basically elevates everybody to be beyond that” (Li2024). At Meta, Mark Zuckerberg
recently announced that they “are going to have Al that can be a mid-level engineer,” with
the expectation that over time a large fraction of the company’s software will be built by Al
“engineers” rather than human ones (Marks|2025).

Despite these optimistic statements, the real-world experiences of professional software
developers paint a more nuanced picture. Interviews that we conducted with veteran devel-
opers, discussions in the trade press and online engineering forums, and early field studies
suggest that Al assistance can sometimes degrade code quality, increase complexity, and
introduce new forms of risk, despite improving short-term output. Christine Yen, CEO of
Honeycomb, recently observed that even in the most Al-amenable projects, productivity
improvements appear to be capped at around 50%, and often far less. As she explained, “Al
just frankly isn’t good enough yet to be additive... The hard part about building software
systems isn’t just writing a lot of code. Engineers are still going to be necessary, at least
today, for owning that curation, judgment, guidance and direction” (Wired|[2025). Moreover,
not all projects benefit equally from Al assistance. In particular, teams working on what
Daniel Jackson of MIT calls “serious software” (i.e., large-scale software development) report
far smaller gains from Al tools than in simpler tasks (Wired|2025)). These mixed outcomes
appear to depend heavily on factors such as the nature of the development environment,
system complexity, and the expertise of the development team (Anderson et al.|2025]).

We propose that technical debt (TD) offers a mechanism for explaining these divergent

outcomes. Technical debt refers to the difficulty in revising, reusing, scaling, or maintaining



code that results from poor programming practices during software development (Tom et al.
2013, Woodard et al|[2013, Ramasubbu & Kemerer 2016). These practices include-among
other factors—quick fixes, inefficient structure, inadequate commenting, or poor architecture
that result in code that works in the short-term but is poorly aligned with evolving long-term
design objectives. While Al-assisted coding accelerates feature development and increases
code output, it also increases the rate at which such debt is generated (Aslan| 20244, Doer-
rfeld|2025], (Gupta 2025). Al-generated code is often syntactically correct, yet semantically
misaligned with system architecture, security requirements, or maintainability goals, making
it harder to refactor or integrate later. As one senior engineer we interviewed expressed: “Al
creates a lot of subtle problems that are difficult to catch... The problem with Al is that it
can’t see the big picture.” Indeed, several experienced practitioners have observed that the
current wave of Al-assisted development is generating technical debt at an unprecedented
pace, faster than many have seen in decades of software engineering (Doerrfeld|2025)).

Technical debt is not merely a theoretical concept—it has been at the root of several large-
scale system breakdowns. The Y2K crisis illustrated how deferred architectural cleanup,
quick fix ”point solutions,” and shortcut design decisions accumulated into deeply embedded
risk, ultimately requiring an estimated $300 billion in global remediation (Kapani| 2025).
More recently, Southwest Airlines’ 2022 operational meltdown, which stranded over 16,900
flights and cost the firm more than $750 million, was traced to outdated scheduling software
that could no longer handle modern operational demands (US Department of Transportation
2023). Similarly, the 2024 CrowdStrike outage triggered widespread failures in healthcare,
aviation, banking, and government services due to brittle dependencies embedded in system
architectures (Vogel 2024). These incidents demonstrate that unmanaged technical debt can
silently accumulate until it becomes an operational and financial liability and the accelerated
code generation enabled by Al tools only increases the urgency of managing it proactively.

Security risks are also driven by the use of Al assisted coding. The mechanisms by
which Al assisted coding increases security risks are related to technical debt acceleration.
For example, Andrew Stiefel lists five key areas of vulnerability driven by Al coding: ar-
chitecturally invisible flaws, dependency-related vulnerabilities from outdated suggestions,
dependency hallucinations, injection risks due to weak input handling, and authentication
gaps stemming from underspecified prompts (Stiefel 2025)). Industry participant Zahra Tim-
sah notes that “Al tools are not designed to exercise judgment ... They do not think about
privilege escalation paths, secure architectural patterns, or compliance nuances. That is
where the risk comes in ... Code gets shipped faster, but if oversight is thin, enterprises are
effectively automating risk at scale” (Leyden|2025).

It is clear from these observations that Al assistance must be deployed carefully and



strategically. However, scholarly guidance on this remains limited. To address this gap, we

investigate the following questions:

1) What are the long-term impacts of using Generative Al tools to increase software

development productivity?

2) How much Al assistance should be used across the software development lifecycle to

balance short-term productivity and long-term sustainability?

3) Under what conditions can Al allow junior developers—and potentially even non-
development personnel—to achieve performance outcomes approaching those of senior

developers?

4) How do factors such as development environment (greenfield vs. brownfield), market

dynamism, and technical debt management strategies shape these decisions?

To examine these questions, a standard closed-form analytic model is infeasible. The
system’s state variables interact through delayed effects that accumulate over extended time
horizons, producing outcomes that evolve differentially across multiple points in time de-
pending on prevailing environmental conditions. We therefore develop a differential-equation
simulation model, grounded in interviews with software engineers, documented industry
cases, trade-press reporting, and prior research on technical debt, software evolution, and
Al-assisted programming. This approach allows us to evaluate the intertemporal trade-offs
between Al-assisted productivity gains and the accumulation and retirement of technical
debt across varied environments, and to identify conditions under which Al assistance en-
hances long-term performance versus those under which it undermines it.

Our simulation results show that, although Al-assisted coding provides early productivity
gains expanding product and service offerings, these benefits are not uniformly sustainable.
Heavy reliance on Al accelerates technical debt accumulation by increasing code volume and
generating context-insensitive, error-prone code, which over time reduces developer produc-
tivity and raises maintenance costs. These dynamics create a “sweet spot” in Al usage:
moderate assistance improves long-term profitability and maintainability, whereas excessive
reliance triggers a self-reinforcing debt spiral. In environments marked by legacy-system
interactions, architectural complexity, and limited capacity for debt retirement, the negative
effects of Al emerge earlier, compound more rapidly, and become harder to reverse, causing
the optimal “sweet spot” for Al assistance to shift downward.

Our simulation results also reveal critical boundary conditions under which AT assistance

either amplifies or undermines performance. In short-horizon projects, Al can be used more



aggressively because technical debt has insufficient time to build up or trigger downstream
consequences. Fast-evolving markets show similar tolerance, as rapid product turnover limits
the long-run impact of accumulated debt. In contrast, slow-evolving markets such as complex
enterprise systems are far more vulnerable: here, technical debt persists, compounds, and
ultimately erodes performance unless Al adoption is managed much more cautiously.

We find that developer expertise plays a similarly decisive role. While pairing junior
developers with high levels of Al assistance can initially match or even exceed senior-level
productivity without AI, juniors accumulate technical debt more quickly due to less proficient
programming skills (Aslan|[2024a, Osmani|[2024)). As a result, their early gains erode over
time, ultimately reducing long-term productivity and profits. Counterintuitively, this implies
that junior developers should rely on lower levels of Al assistance than senior developers in
the long run.

Finally, we show that dedicating sufficient resources to technical debt retirement can serve
as an effective guardrail, helping organizations sustain Al benefits over time. Together, these
insights demonstrate that Al-assisted development is not simply a productivity problem
but a strategic decision that must consider system longevity, architectural resilience, skill
composition, and market factors.

The remainder of the paper proceeds as follows. Section [2 reviews the related literature.
In Section [3, we introduce the simulation model, while in Section [ we analyze the model
to explore the effect of Al-assisted coding on productivity, technical debt, maintenance cost
under different development environments. Finally, implications of the results are discussed
in Section [5 along with the limitations of the current analysis and possible extensions. We

conclude in Section 6.

2 Literature Review

This paper is mainly relevant to three streams of research: Human-AI Interaction, Technical

Debt and System Atrophy, and Al-assisted software development.

2.1 Human-Al Interaction

As Al is increasingly used to augment human capabilities, human—Al interaction has emerged
as a central concern in the information systems (IS) literature, with Berente et al.| (2021))
calling it “perhaps the key managerial issue of our time.” An important tension in this domain
lies in the distinction between automation and augmentation (Rai et al.|2019, |(Queiroz et al.

2024)). Automation emphasizes replacing human labor with machine capabilities, whereas



augmentation focuses on enhancing human capabilities through intelligent systems. Recent
IS research stresses Al-human complementarity, focusing on how humans and intelligent
systems can collaborate effectively. This view aligns with the human-in-the-loop paradigm
(Zanzotto 2019), which highlights the importance of keeping humans engaged in the design
and implementation of Al-augmented systems (Dietvorst et al.| 2015, Ge et al. 2021} [Fligener
et al.|[2021)).

Several studies have examined when Al helps to improve individual and organizational
outcomes. For example, [Fugener et al| (2022) show that hybrid decision-making systems
where Al delegates tasks to humans can outperform either humans or Al working alone.
However, when humans delegate to Al, the benefits diminish, underscoring the need for
careful coordination. Revilla et al.| (2023) find that human intervention adds the most value
when Al-driven predictions involve long time horizons and low uncertainty, whereas automa-
tion may be more effective for predictions involving short horizons and high uncertainty.
Similarly, Chen & Chan| (2024) find that LLMs improve creative output for non-experts
when used as sounding boards, yet may constrain creativity when used as a ghostwriter,
particularly for expert users. These findings suggest that the key question is not whether Al
is helpful, but rather how it can be effectively integrated into human workflows to improve
outcomes. Our study explores this question in the context of software development through
a prescriptive simulation framework.

A growing stream of human-AI complementarity research investigates how individual ex-
perience and expertise shape the effectiveness of human—Al collaboration (Jussupow et al.
2021}, [Luo et al.| 2021, Wang et al.|2024). Multiple studies suggest that domain expertise
influences both trust in and reliance on Al systems, which in turn affects performance out-
comes. For example, in a study involving physicians using clinical decision support systems,
Jussupow et al.| (2021)) find that experienced professionals are more likely to reject algorith-
mic recommendations, showing higher “algorithmic aversion” (Dietvorst et al.|2015). Allen
& Choudhury| (2022) observe an inverted-U pattern in performance benefits from Al: As do-
main experience increases, users initially benefit more, but eventually algorithmic aversion
kicks in and performance gains decline. Wang et al.| (2024) refine this further by distin-
guishing task-specific experience from broad experience based on seniority. They find that
task-specific expertise enhances productivity when paired with Al, but seniority-related mis-
trust may offset these gains. Finally, Brynjolfsson, Li & Raymond| (2025)) note that junior
workers benefit from LLMs through improvements in both speed and quality, while more
experienced workers experience small declines in quality with marginal gains in speed. Al-
together, this literature reveals that the benefits of human-Al collaboration are contingent

upon the user’s experience, trust, and collaborative strategy, highlighting the need for more



nuanced approaches to managing human—AlI interactions.

We contribute to this literature by providing a nuanced understanding of how best to
manage human-Al interactions in software development workflows. Our model not only
distinguishes between different development environments (“greenfield” vs. “brownfield”)
but also incorporates the impact of skill level (“junior” vs. “senior” developers), exploring

the long-term impact of Al assistance on performance outcomes.

2.2 Technical Debt and System Atrophy

Technical debt refers to the future maintenance obligations that arise when software devel-
opers or system designers take expedient but suboptimal design or coding shortcuts that
violate established engineering standards (Ramasubbu & Kemerer| 2021, Kruchten et al.
2012)). Originally coined as a metaphor to capture the trade-off between short-term speed
and long-term system health, technical debt has become a central concept in the software
engineering literature (Brown et al.|2010} [Tom et al.[2013, [Li et al.|2015| |Allen & Choudhury
2022), but remains a relatively nascent construct in the IS field (Woodard et al.[2013| Rama-
subbu & Kemerer| 2016, 2021). Manifesting in the form of poor documentation, entangled
(“spaghetti”) code, architectural rigidity, or system performance degradation, technical debt
tends to increase over time and can severely undermine system reliability (Eick et al.| 2002,
Li et al. 2015, Ramasubbu & Kemerer |2016)). In their empirical analysis, Ramasubbu &
Kemerer| (2016) find that accumulated technical debt significantly increases the probability
of enterprise system failures. Similarly, Banker et al.| (2021)) show that technical debt nega-
tively affects firm performance with the impact compounding as systems age.Technical debt
also has significant cybersecurity implications (Ozkaya et al.|2021,  BARR Advisory|2022).
A growing body of IS research highlights that technical debt not only impairs operational
performance but also limits a firm’s ability to innovate. Woodard et al.| (2013) introduce the
concepts of “design capital” and “design moves” to explain how firms strategically manage
the technical architecture of digital products. Their two-by-two framework illustrates the
ways architectural choices influence the balance between digital options and technical debt,
shaping a firm’s capacity for future innovation. Rolland et al.| (2018)) extend this perspective
by examining the management of digital options and debt within evolving platform ecosys-
tems. Rinta-Kahila et al.| (2023) explore the unintended constraints that arise during legacy
system replacement, showing how the interplay between social inertia, technical inertia, and
the pursuit of digital options can trap firms in a debt-constrained state. This stream of re-
search frames the interplay between digital options and technical debt as a dynamic process:

digital options may be adopted at the cost of incurring new debt, while existing debt may



hinder the realization of digital options in the future. These dynamics have close parallels
with the broader phenomenon of system atrophy theorized by Tiwana & Safadi| (2024)), in
which information systems degrade into brittle and unmaintainable architectures over time.
Tiwana & Safadi| (2024) argue that though atrophy and technical debt are conceptually
distinct, they are intertemporally linked, as unresolved debt can gradually lead to atrophy
hollowing out the system’s capacity for change. Taken together, this literature underscores
the importance of viewing technical debt not merely as a technical artifact but as a structural
constraint on organizational agility and innovation.

We contribute to this literature by showing that Al-assisted coding can act as a new
accelerant of technical debt, particularly in brownfield projects or teams with less skilled
developers. Embedding these effects in a system dynamics simulation allows us to explore
how early productivity gains can mask future maintenance burdens, an aspect that has not

yet been explicitly modeled in the literature.

2.3 Al-Assisted Software Development

The emerging literature on Al-assisted coding| presents a nuanced view of its effects on soft-
ware development. Some of the earlier empirical studies (Peng et al. 2023, (Cui et al.|2024],
Paradis et al.2025| Bakal et al.|2025) have reported substantial productivity gains, with de-
velopers completing tasks 20 to 55 % faster. Generative Al tools also support ideation, doc-
umentation, and have been positively received in greenfield or enterprise contexts. However,
more recent findings highlight hidden costs (Anderson et al.[[2025). Studies have documented
issues such as low-quality output, limited acceptance rates, the need for manual adjustments,
reliability concerns, and integration difficulties (Dakhel et al.|2023] Camara et al.[2023, Russo
2024, |Coutinho et al. 2024)). Anecdotal evidence suggests that less experienced developers
are particularly susceptible to propagating errors (Osmani 2024} Aslan|20245). Recently,
through a randomized trial, Becker et al. (2025) have found that Al assistance actually
slowed experienced contributors working on mature codebases by approximately 19%. Only
44 % of Al-generated suggestions were accepted, and about 9 % of task time was spent
reviewing and cleaning up Al output. Interestingly, developers thought they were experi-
encing a 24 % speedup despite the evidence to the contrary. In a similar vein, Medappa
et al| (2025) find that Al-assisted programming may decrease productivity of experienced
developers by increasing maintenance burden, showing that productivity increase is not a
guaranteed outcome.

Overall, while productivity improvements are clearly documented in controlled settings,

"'We would like to note that throughout the remainder of the paper, the term Al-assisted coding refers
specifically to Generative AI-based assistance.



real-world usage of Al coding assistance introduces context-dependent challenges that can
undermine efficiency, especially in legacy environments. It can also bring about severe cy-
bersecurity concerns (Ji et al. 2024, [Haque et al|[2025). We contribute to this research
by examining the long-term consequences of Al use in software development and uncov-
ering managerial insights for optimal usage levels. Specifically, we differentiate conditions
under which Al assistance yields sustainable productivity advantages (greenfield, experi-
enced developers) versus those in which it generates too much liability that outweighs the
productivity benefits (brownfield, junior developers). By articulating these boundary condi-
tions, our study complements existing empirical findings through a prescriptive framework
and provides a dynamic perspective on how Al assistance may reshape software engineering

trajectories.

3 The Model

The evolution of Al-assisted software development is characterized by intertwined feedback
mechanisms (such as the self-reinforcing accumulation of technical debt), nonlinear relation-
ships (such as the impact of debt on maintenance cost and productivity), and delayed effects
(such as the gradual loss of service relevance). The simultaneous presence of these fac-
tors prohibits closed-form solutions for dynamic decision trajectories (Sterman et al.|2015)).
Hence, to study the dynamic evolution of software development processes in the presence
of Al assistance, we build a system dynamics (SD) simulation model. System dynamics
methodology is well suited to this problem because it encourages a broad model boundary
that explicitly accommodates feedback loops, delays, and nonlinear relationships (Sterman
2000). In addition, its near-continuous-time, differential-equation-based state-space formu-
lations closely resemble those in optimal control theory (Anderson, Keith & Lopez 2022,
enabling us to incorporate formulations grounded in information economics literature. Fi-
nally, in contrast to analytical models that focus on equilibrium outcomes, system dynamics
models explicitly capture disequilibrium and transitional dynamics. (Sterman et al. 2015).
This allows us to study the evolution of services and maintenance needs, analyzing how the
path to the equilibrium is shaped by managerial decisions as well as the software development

environment characteristics?.

2For a detailed discussion of how system dynamics methodologies help overcome some limitations of
traditional analytical frameworks, please see |[Esenduran et al|(2022) and |Anderson, Keith & Lopez| (2022)).



3.1 Simplified Causal Loop Diagram

In this section, we present a simplified causal loop diagram for the model in order to explain
the key model components and feedback loops (Figure . At the heart of our model are
two state variables, Services and Technical Debt (TD). We consider a firm whose revenue
depends on the software “services” it develops. Here, we use the term services generically to
refer to the firm’s codebase. Services could include mobile apps, enterprise software, etc., as
well as internal code that supports other revenue generating functions.

Any software development activity generates some TD, which accumulates over time.
As TD accumulates, service development productivity goes down because developers must
then navigate and work around tangled, outdated, or poorly structured (“spaghetti”) code
(Tom et al.|2013| Besker et al.[[2019, |2020). Moreover, as the system grows more complex,
even small changes require extra effort to understand dependencies. With decreasing service
development rate, new TD generation rate also goes down, closing a balancing feedback loop
(Bad code reducing productivity loop). TD generation rate also depends on the current level
of TD in the codebase. As commonly acknowledged in software development circles, TD
tends to compound on itself (Tom et al. 2013, [McKinsey & Company| 2020, 2023). This is
mainly because TD accumulation can lead to a downward spiral of design shortcuts leading
to more TD accumulation (Ramasubbu & Kemerer|2016). Thus, as TD increases, it triggers
more TD generation, leading to a reinforcing feedback loop (7D begets TD loop), a vicious
cycle.

Al-assistance in coding can accelerate the TD vicious cycle in two ways: First, Al-coding
tools boost up the service development rate (Peng et al.|2023| |Cui et al.|2024)), increasing the
number of services (or in general, the size of the codebase), all else being equal. While, this
is beneficial to the firm’s immediate revenue stream, higher service development rate adds
more to the technical debt. Second and more importantly, Al-coding tools directly accelerate
the rate of TD generation (GitClear|2025) due to Al’s lack of context awareness (Aslan
20240, Doerrfeld [2025, |Guptal 2025). This can manifest as code duplications, dependency
conflicts, and poorly structured code. The acceleration of TD generation exacerbates the
TD vicious cycle. Moreover, both increasing number of services and accumulating technical
debt increases the total maintenance cost for services (Woodard et al.|[2013, Ramasubbu &
Kemerer |2016, |[Besker et al.|2019), which hinders firm profitability.

Finally, though not shown in Figure[l] for clarity, there is a balancing effect that can keep
the vicious cycle in check: Services become obsolete over time, losing their relevance. As
they obsolesce, some of their associated technical debt becomes irrelevant as well (Tom et al.
2013). This reduction in TD helps slow down further accumulation of TD.
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Figure 1: Simplified Causal Loop Diagram

Notes. In a Causal Loop Diagram (CLD), arrows represent causal relationships between variables.
A 747 sign on an arrow denotes a positive relationship: when the independent variable increases (or
decreases), the dependent variable changes in the same direction, assuming all else remains constant.
A 7" sign indicates a negative relationship: when the independent variable increases (or decreases),
the dependent variable shifts in the opposite direction. Feedback loops formed by these links can be
either reinforcing or balancing. A reinforcing loop amplifies change—an increase (or decrease) in one
variable triggers further increases (or decreases), creating a virtuous or vicious cycle. A balancing loop
counteracts change—an increase (or decrease) in a variable eventually produces the opposite effect,
stabilizing the system.

3.2 Brief Overview of the Model Structure

In this section, we provide a brief overview of the model structure. The notation related
to the base model is summarized in Table [I A summary of key model assumptions is as
follows:

Summary of Assumptions

A1) At t =0, number of services is zero (i.e. S(0) = 0). Technical debt is also initially zero

(i.e. TD(0) = 0), unless the firm operates in a brownfield environment.

A2) Total number of developers is constant and normalized to 1. A fraction Ps of developers
is assigned to service development and the remaining Prp = 1 — Pg is assigned to

technical debt retirement.
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A3) Cost of using AI, Cy4; is normalized to zero. This assumption allows us to isolate
the core dynamics of Al-assisted software development without speculating on the

evolution of Al-assistance costs over time.

3.2.1 Service Development

We consider a firm that develops software services (e.g. mobile apps, enterprise software,
etc.). Service development rate SDR(t) primarily depends on the developer time assigned

to service development, Pg and the effective productivity of developers at time t, ap(t).

Developers have a base productivity of ap, which can be improved with Al coding tools,
as empirically shown in the literature (Peng et al.|2023| |Cui et al.|[2024)). However, the tech-
nical debt T'D(t) and the resulting complexity of the codebase can slow down development
productivity (Tom et al. 2013, Besker et al.[[2019] [2020). Thus, effective productivity at time
t, ap(t), is given by:

ap(t) = ap * (1+ AI(t)) * fro(t) (2)

where AI(t) denotes the full time equivalent (FTE) of productivity boost from Al usage at
time t, and frp(t) is a decreasing function of technical debt to capture the negative effect
of technical debt on productivity. The sensitivity of frp(t) reflects the system’s underlying
complexity, encompassing both individual service complexity and the emergent complexity
generated by their interactions, each of which can amplify the effects of poor programming
practices.

Due to obsolescence, services lose their relevance after a period of time represented by
75 .. In line with standard system dynamics formulations (e.g., Anderson Jr et al.|[2023)), we
assume that the depreciation amount is proportional to the current number of services S(t),
resulting in diminishing returns to software development.

Altogether, the change in the number of services at time t is given by:
S'(t) = Ps* ap * (1 4+ AL(t)) * frp(t) — S(t) /75, (3)

3.2.2 Technical Debt Accumulation

As services are developed, new technical debt is introduced at a fractional rate of 4(t), such
that increase in T'D at time t, TDR(t), is given by TDR(t) = SDR(t) = ¥(t).

11



The rate of TD generation depends on several factors. We assume that programmers have
a base fraction of TD generation, vg. This fraction depends on the programmers’ experience
and skill level. TD generation rate also depends on the level of Al reliance in coding. There
is emerging empirical evidence suggesting that the rise of Al coding tools is associated
with increased code duplication and declining code quality (GitClear|2025). Developers we
interviewed expressed concerns about code duplications, dependency conflicts, and Al’s lack
of context awareness, echoing anecdotal reports in software development circles (Aslan/[2024 8,
Doerrfeld| 2025 |(Guptal 2025). Thus, we assume that Al usage introduces TD at a fraction
of ya; where v4;5 > vy in the base model. Finally, TD generation rate is also influenced
by the current level of TD in the code base. Software developers have acknowledged time
and again that TD has a way of compounding on itself (Tom et al. 2013, Ramasubbu &
Kemerer| 2016, McKinsey & Company| 2020, 2023). |Ramasubbu & Kemerer| (2016) explain
how TD accumulation can lead to a downward spiral of design shortcuts leading to more TD
accumulation. To account for this compounding effect of TD, we assume that TD generation
fraction 7 increases with existing TD. This effect is captured by grp(t) = 1+ (%)2, where
TD,ey is a scaling factor that decreases in the system’s underlying functional complexity.

Thus, the effective TD generation rate 5(t) is given by:

Y(t) = (vur +yar x AL(t)) * grp(t) (4)

TD can be retired by programmers through refactoring and other code revision efforts
(Brown et al| 2010} Besker et al|2019, Woodard et al. |2013). We assume that a certain
amount of developer time, Prp, is allocated to retiring technical debt. In practice, Prp
tends to be lower than 20% (McKinsey & Company|2020) of programming time, with 15%
suggested as a good allocation (Accenture|2024). We assume that programmers have a base
productivity for retiring technical debt, arp. Thus, the rate of TD retirement is given by
Prp * arp.

As services become obsolete over time, certain elements of their associated technical debt
naturally become obsolete as well (Tom et al|2013). However, due to interdependencies
within the codebase, some of that debt continues to impact active services and must still be
managed. Accordingly, we assume that technical debt obsolesces more slowly compared to
services and the disparity in obsolescence times is determined by the level of dependencies in
the codebase. Specifically, 752 = r x 75 where r > 1 is a proxy for the codebase dependency

level. Finally, similar to service obsolescence, we assume that TD obsolescence amount is

proportional to the current level of TD.

12



Altogether, the change in T'D(t) is given by:
TD'(t) = SDR(t) * 4(t) — Prp * arp — TD(t) /757 (5)

where software development rate SDR(t) is defined in equation and 7(¢) is defined in
equation (4)).

3.2.3 Service Maintenance

After a software service is built and deployed, it needs to be maintained to keep it running
reliably. Software maintenance keeps software operational and in line with changing user
needs. The cost of maintenance can be the largest component of a software’s total cost
of ownership, with some estimates suggesting it can account for 50-90% of the total cost
(Bennett et al.|2002)).

A code base that is riddled with technical debt is challenging to maintain (Tom et al.
2013}, Woodard et al.|2013, Ramasubbu & Kemerer|2016, Besker et al.2019). This is because
when shortcuts, quick fixes, and tangled dependencies (“spaghetti code”) accumulate, the
system becomes more brittle. In addition, messy, inconsistent, or duplicated code is harder
for developers to understand, which slows down maintenance efforts. In short, technical debt
can increase the cost of maintenance significantly. Accordingly, we model the maintenance

cost per service, c(t), as:

c(t) =cx (1 +B*TD(t)?) (6)

where ¢ is the cost of maintaining a service in the absence of technical debt, and [ is a

scaling factor that increases in the system’s underlying functional complexityﬁ
Cu(t) = cft) * S(t) (7)

3.2.4 Firm Profit

The firm earns a revenue of p per service per monthﬁ and incurs the wage cost, the mainte-
nance cost, and the cost of using Al services.

The firm pays software developers a wage of w per month. In the base model, total

3We also considered a linear cost function for c(t); i.e. c(t) = é* (1 + B x TD(t)). The results are
qualitatively similar.

4In the base model, p is constant; however we also tested an extension where p decreases with excessive
technical debt to reflect the effect of declining quality of services. Unsurprisingly, this additional effect on
revenue makes Al assistance less appealing.

13



programmer time is constant and normalized to 1. A fraction Ps of that programmer time
is allocated to service development and the remaining fraction Prp is allocated to retiring
TD; i.e. Ps+ Prp = 1. Thus, the total wage cost per month is w. The firm incurs the
maintenance cost, Cy/(t), per month as defined in Section . Finally, Cy; is the cost of
using Al tools per unit time. We normalize this cost to zero throughout the analysis of the

base model. Altogether, the firm’s profit at time t is given by:

I(t) =px S(t) — Cy(t) —w — Cay (8)

Throughout the analysis, we consider cumulative discounted profit as the key performance
measure. A high discount rate favors earlier and quicker development, capturing the essence
of schedule pressure. This is particularly relevant for startups, where limited runway, investor
expectations, and first-mover advantages make early returns proportionally more valuable

than long-term gains.

4 Analysis

We built the model using the software package Vensim DSS. We run the simulations for a
time horizon of 200 months. Our simulations use the Euler numeric integration method with
a time step of 0.25. Note that this time step is less than one quarter of the shortest delay
in the model in line with the guidance from the literature (Sterman/ (2000), pp. 905-908).
We tested for integration errors by running the model with different time steps and observed
that the dynamic behavior remained the same, showing robustness with respect to the choice
of time step.

We conducted various tests for checking model validity based on the guidelines in [Barlas
(1996) and Sterman| (2000). Given the theoretical orientation of our study, validation did not
involve “behavior pattern tests” aimed at evaluating the model’s ability to replicate real sys-
tem behavior. Rather, we emphasized structure validity, assessing dimensional consistency,
behavioral mode plausibility, and robustness under extreme conditions, and complemented
these checks with extensive sensitivity analyses of the model parameters.

In what follows, we first discuss the dynamic behavior of the base setting with parameter
values provided in Table [l Then, we evaluate the impact of Al assistance under various
conditions, such as different developer skill level (junior vs. senior), project environment
(greenfield vs. brownfield), and market conditions (fast vs. slow-evolving industry). Next,
we discuss mitigating the negative effects through certain guardrails, such as allocating more

developers to technical debt retirement. Finally, we analyze the optimal level of Al assistance
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for an organization. Throughout the analysis, we summarize the most important insights as
Results.

Table 1: Notation

Decision Variables
Al(t) Al usage in FTE
State Variables
S (t) Number of active services at time t
TD(t) Technical debt at time t
Parameters and Their Base Values

ap Base Developer Productivity; base value= 3

aTp Productivity for TD retirement; base value= 0.5

YH Fraction of TD generation by programmers; base value= 0.001

YAT Fraction of TD generation by AI; base value= 0.004

Tg;? Technical debt obsolescence time; base value= 60

bes Service obsolescence time; base value= 12

r Codebase dependency level; base value= 5

Prp Allocation of programmer time to TD retirement; base value= 20%
Py Allocation of programmer time to service development; base value= 80%
c Base maintenance cost per service; base value= 0.001

I} Codebase functional complexity; base value= 0.07

P Revenue per service per time; base value= 0.1

w Software developer wage per time; base value= 0.5

Other Calculated Variables
S DR(t) Software development rate at time t

CM(t) Cost of maintenance at time t
fTD(t) Effect of TD on software development rate at time t
gD (t) Effect of TD on TD generation rate at time t

4.1 Dynamic Behavior of the Base Model

When we simulate the base model without any Al assistance (“No AI” in Figure , we ob-
serve that the number of (relevant) services S(¢) rises initially and then reach an equilibrium.
This is mainly because the service obsolescence rate is proportional to the number of services,
which results in diminishing returns to service development. In addition, the modest rise in
technical debt T'D(¢) has a negative impact on developer productivity, though the effect is
immaterial in this case.

If developers boost their productivity slightly with using AI tools (“Low AI” in Figure [2),
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Figure 2: Effect of Al Assistance on Services, Technical Debt, and Discounted Cumulative
Profit

the increased productivity leads to a higher number of services at equilibrium compared to the
base setting with no Al usage. In this case, technical debt is also higher, since Al assistance
in coding results in higher rates of technical debt generation (Aslan|20246, Doerrfeld 2025,
Guptal[2025)). Still, the negative impact of TD is not significant enough to offset the benefits

of using Al assistance. The firm ends up with a higher cumulative discounted profit.

As the firm increases its reliance on Al assistance (“Medium AI” in Figure , the dy-
namics start shifting. In the short term, higher reliance leads to a significant increase in
the number of services generated. However, during this “turbocharged” development phase
technical debt increases, first gradually and then suddenly. This is because TD compounds
on itself if not retired, due to the positive feedback loops discussed in Section [3.1. Once
technical debt exceeds a certain threshold, its negative impact on developer productivity
becomes acute. Even with Al assistance, developers’ service development rate falls because

of the challenges introduced by technical debt (e.g. “spaghetti code”, code duplications
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that create testing challenges, poor documentation). Together with ongoing service obsoles-
cence, the number of relevant services falls down eventually, leading to a revenue collapse.
Moreover, with increased technical debt, maintenance costs rise sharply (Tom et al. 2013
Woodard et al.| 2013, Ramasubbu & Kemerer [2016, Besker et al.|2019), further eroding long
term firm profit. These negative effects are worsened when Al reliance is further increased
(“High AI” in Figure [2), leading to a “technical debt bankruptcy” (Tom et al|2013)) where
it is no longer feasible or desirable to build atop the existing code base.

These observations suggest the existence of a “sweet spot” for Al assistance in software

development, expressed in the following result:

e Result 1 (Al-assistance sweet spot). While higher reliance on Al assistance in
coding wnitially boosts software development productivity, it can backfire in the long
run. There exists a “sweet spot” at which Al assistance improves overall productivity

without triggering long-term revenue erosion or collapse.

It is worth emphasizing that the negative effects of Al assistance would not typically be
felt immediately. The trade-off between productivity and scalability is moot in the short run.
Thus, if Al assistance is considered for a short term project with minimal expectations for
code reuse, the firm is likely to observe net benefits as long as usage costs remain reasonable
(Figure |3). For example, a startup developing a demo for a funding round would likely

benefit from Al productivity boost without experiencing the long term effects.

e Result 2 (Shorter horizons call for more Al-assistance). Shorter horizons favor
higher levels of Al assistance, because technical debt takes time to build up sufficiently

for its negative effects to be felt.

4.2 Effect of Developer Experience: Junior vs. Senior Developers

Recent IS research demonstrates that an individual’s expertise substantially shapes the ef-
fectiveness of human—Al collaboration (Figge et al. 2025, |Jussupow et al|[2021], |Allen &
Choudhury|[2022, Wang et al. 2024). In software development, emerging empirical evidence
suggests that Al assistance yields different performance effects for novice and experienced
developers, with greater productivity gains observed among the former (Cui et al. 2024,
Peng et al.[2023]). These findings have sparked contrasting ideas for workforce management:
one view suggests that firms could reduce reliance on costly senior developers by pairing
junior developers with AI; another argues that firms might instead limit junior hiring and

enhance the productivity of senior developers through AI augmentation. Motivated by these
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Figure 3: The Effect of Al Assistance in Short Horizons.

divergent strategies and the potential for expertise-driven performance disparities, we ex-
plore how developer expertise may affect the long term performance of Al-assisted software
development.

Experienced developers (“senior”) benefit from more extensive domain knowledge and
tend to have a better sense of the “big picture.” They are better able to identify architec-
tural weaknesses early and prevent technical debt from propagating. Indeed,
find that teams with generational experience are associated with higher soft-

ware productivity and quality. Ramasubbu & Kemerer| (2016)) find that more experienced

teams are associated with lower risk of system failure due to technical debt, implying that
experienced developers have a better handle on technical debt management than novice de-
velopers. Accordingly, we assume that “junior” developers have a higher rate of technical
debt generation than “senior” ones (i.e. 7y is higher for junior developers).

Relying too much on Al-assistance may exacerbate this effect. In our interviews with soft-
ware developers as well as blogs by industry veterans, concerns are raised about downstream
effects of Al-coding, particularly in the hands of junior developers. One of our interviewees
expressed this concern as: ”[With Al] a junior engineer can write as fast as a senior engi-

neer, but they don’t have the cognitive sense of what they’re doing. . . or what problems they’re
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causing. . . or even if it’s a good idea to do what they’re doing.” Another engineer said “One
thing [from AI use] that’s emerging is that [junior developers] don’t know the context of what
they’re working on. We now don’t get any recommendations from the juniors. Now it’s the

leads [technical managers] that are getting into the weeds and doing the debugging [because

the juniors can’t].”
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Figure 4: Effect of skill level when junior and senior programmers manage Al equally well.
Al assistance for all three runs is +100 percent.

To study this, we first run scenarios that differentiate senior and junior developers by
assuming that juniors generate more technical debt per new service created than in the
base case and seniors less debt than in the base case. Meanwhile we hold constant their
base service-development productivity without Al assistance, ap, and their effectiveness in
managing Al tools. In Figure [d] short-term performance is identical for both groups, but
senior developers outperform juniors over time because juniors accumulate technical debt
more quickly. As this debt builds, the codebase becomes increasingly burdened, slowing new
development and raising maintenance costs. These dynamics produce a pronounced gap in
long-run profitability.

The gap between seniors’ and juniors’ performance widens further if senior developers
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are better at managing Al assistance (Figure . Specifically, when senior programmers
are more effective at controlling the “Al tax” on technical debt—meaning that the amount
of Al-generated debt per new service, v4s, is lower under their oversight than in the base
case—the number of services remains at a healthy equilibrium even with substantial Al
assistance because technical debt is kept in check. Juniors, however, are worse at managing

the ” Al tax” than in the base case, resulting in high technical debt and an early crash in

long-term productivity.
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Figure 5: Effect of skill level when senior programmers manage Al better than junior pro-
grammers. Al assistance for all three runs is +100 percent.

Overall, Figures [4] and [5] show that boosting junior programmers’ productivity with Al
assistance can backfire in the long run. Any potential short-term savings from employing less
expensive junior developers are likely outweighed by reduced profitability driven by rapidly
rising maintenance burdens and the sustained decline in productivity caused by accumulating

technical debt in the codebase. Hence, the adoption of Al tools may bias firms toward
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employing senior developers rather than junior ones. Emerging labor-market evidence is
consistent with this pattern: senior software-developer positions have been expanding in the
United States, while junior-level roles have been declining (Brynjolfsson, Chandar & Chen
2025|, [Korn|2025)).

e Result 3 (Al assistance does not substitute for experience). Reducing reliance
on costly senior developers by pairing junior developers with Al can backfire in the long
term. The savings in development cost can easily be erased by the compounding costs

of maintenance.

That said, while we highlight how senior developers are better equipped to manage Al-
assistance in coding, our results should not be interpreted as a rationale for completely
foregoing junior hires. Clearly, such a workforce strategy would cripple long term talent
pipelines: Where would one find senior developers in the future if there are no juniors hired
today? The key takeaway from our results is that an Al boost that is not backed by context
knowledge and experience with the codebase can lead to unfavorable outcomes in the long

run. This is especially problematic in “brownfield environments” as we explore next.

4.3 Effect of Programming Environment: Brownfield vs. Green-
field

“In the good old days, COBOL and CICS was most of it. Conditions were pretty controlled.
Everything now has lots of different vendors and apps [all interfacing with each other]. If
even one little thing updates, you may have a problem. (...) Everything’s become brittle vs.
20-30 years ago. ”

Whether a developer’s new code has to interface with legacy software (“Brownfield”) or
not (“Greenfield”) influences the accumulation of technical debt. In greenfield development
environments, the accumulation of technical debt is relatively limited even with the “Al tax”,
since the project starts from a clean slate. Conversely, when development occurs atop legacy
systems, the lack of architectural visibility of AI assisted coding can result in significant
downstream issues.

We model a brownfield environment by assuming that there is intractable technical debt
that cannot be retired without a significant overhaul. Thus, TD(0) = T'D° > 0. In other
words, new services are built upon or interface with existing code that suffers from technical
debt. As a result, unlike a greenfield environment, the negative impact of Al assistance is felt
immediately through lower productivity and sharper rise in technical debt as new services

are developed. We also assume that the initial technical debt T'D° does not obsolesce or get
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cleaned up unlike the new technical debt. This is to capture the intractable nature of legacy
systems, such as the sixty-year old COBOL code in banking systems that no one dares to
update (Mims|2024)).

Figure [6] shows the impact of AT assistance at different levels of legacy code interactions
(represented by the amount of intractable technical debt, from “none” to “high”). We
observe that in environments with high levels of legacy code interactions, fewer services
are developed from the beginning of the analysis timeline since existing technical debt and
complexity immediately lowers developer productivity, even with Al assistance. As technical
debt compounds, the new development productivity falls further and eventually cannot catch
up with the obsolescence rate, resulting in a decline in the number of relevant services. In
contrast, in greenfield environments the firm can take advantage of Al assistance with limited

negative repercussions.

e Result 4 (Al-assisted coding more problematic in brownfield projects). Al
assistance in software development becomes more problematic when building atop or
interacting with legacy software (“brownfield environments”). In these environments,
too much reliance on Al assistance can lead to technical debt bankruptcy or revenue

collapse.

Finally the issues arising from interacting with legacy software also arise when interacting
with legacy hardware (i.e. in embedded software development) or when a platform firm
develops software that third-party apps build upon. We provide a more comprehensive

interpretation of the implications for these environments in Section [3}

4.4 Strategic TD retirement as a guardrail

So far, our results have shown that in certain environments heavy reliance in Al-assistance
can lead to ballooning maintenance costs and an eventual revenue collapse due to augmenting
technical debt. This observation naturally brings about the question: What if the firm
prioritizes TD retirement to mitigate these effects?

Firms notoriously allocate too little time on TD retirement mainly because the pressure
to deliver products or features overshadows concerns about the long-term health of the
codebase (McKinsey & Company| 2020, 2023, Schelfaut & Shukla) [2025). The benefits of
debt reduction are delayed and hard to quantify, while the costs of postponing features are
immediate and visible. Management also tends to underestimate the compounding nature
of technical debt, leading to systematic bias toward short-term productivity at the expense
of long-term maintainability. As one of our interviewees said: “Management just doesn’t see

the exponentialness of it.”
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Figure 6: Al assistance is more problematic in brownfield environments (higher levels of
interaction with legacy software). Notes: Green = greenfield environment, i.e. no interaction
with legacy systems; low = low level of interaction with legacy systems, medium = medium
level of interaction with legacy systems, high = high level of interaction with legacy systems.

While CIO’s realize that technical debt is increasing, they allocate less than 20 percent
of their tech budget for debt retirement (McKinsey & Company|2020)). In fact, one of our

interviewees admitted that they had to sneak in time for technical debt retirement since

management rarely approved time for it: “This [TD retirement] was never assigned from the
top-down. We’d just sneak it in when doing maintenance very quietly and not talk about it.
(...) No medal for TD retirement.”

In our base model, we assume 20% of total programmer time is allocated to TD retire-
ment. Figure[7]illustrates how changes in this allocation affects the long term performance of
Al-assisted software development. We consider allocations ranging from none to 20 %, 40%,
and 60%. Note that increasing allocation to debt retirement means less time is allocated for

service development, unless the firm hires additional programmers. This is why a very high
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allocation to TD (such as 60 %) performs poorly in terms of profitability: With less than half

of the programming time allocated to service development, the firm is not able to develop

as many revenue generating services. However, zero allocation to TD retirement performs
even worse in this case (Al assistance at 100% in all runs). With the accelerated TD accu-
mulation due to Al assistance but no time allocated to retire TD, productivity falls quickly,

which results in a revenue collapse. Together with increasing maintenance costs, cumulative

discounted profit is hurt significantly. In contrast, when allocation to TD retirement is 40%,

the firm is able to sustain a stable stream of services and keep technical debt manageable.

e Result 5 (Strategic TD retirement as a guardrail). Potential negative effects of
Al-assisted coding may be reduced by dedicating a higher fraction of developer time to

retiring technical debt.
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Figure 7: Effect of Increasing Technical Debt Personnel. Technical Debt Retirement Person-

nel Allocation = 0, 20, 40, 60 percent. Al assistance = 4100 percent for all runs.

Finally, we note a potential flip side: While Al-assisted coding is likely to accelerate

the growth of technical debt, it may also evolve into a tool for reducing it.
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evidence suggests that Al coding assistants may support maintenance work by identifying
duplicated code, improving documentation, and aiding refactoring and code review (Sivori
2024, Bousquette| 2025, [Dvivedi et al.|[2024). In our model, the potential impact of such
advancements can be captured by increasing arp (the productivity of TD retirement efforts).
Our numerical analysis suggest that increased debt retirement productivity makes it easier

to keep technical debt at bay, reducing the negative effects of Al-assisted coding.

4.5 Market Evolution Speed

In this section we consider how market evolution speed interacts with the Al assistance de-
cision. In fast-evolving markets (such as digital platforms), products obsolesce more quickly.
This means, all else being equal, time invested in product development has a lower rate of
return, which leads to lower profitability. However, in software development, high market
evolution speed may have one advantage: as services become obsolete, portions of the tech-
nical debt tied to them may also lose relevance. This helps contain the accumulation of
technical debt before it escalates into an intractable and costly problem.

To understand the layered effect of market evolution speed, we vary service and TD obso-

lescence rates (75

= and 74D). Figure|§|illustrates the resulting effect on service development,

TD accumulation, and profit when programmers have substantial Al assistance (100 % in
all runs). We observe that the same level of Al assistance leads to a much higher peak in
the number of relevant services in a slow-evolving market compared to a fast-evolving one,
because services in the latter become obsolete quickly. However, over time, technical debt ac-
cumulation (accelerated by the “Al tax”) becomes much more problematic in slow-evolving
markets, since debt does not easily become obsolete in these markets. As technical debt rises
gradually and then suddenly, development productivity deteriorates, eventually triggering a
collapse in the number of relevant services.

In contrast, fast-evolving markets do not accumulate technical debt to the same extent,
allowing them to sustain a stable stream of relevant services throughout the horizon. As a
result, despite having far fewer relevant services at the beginning, the discounted cumulative
profit in these markets is higher than that of very slow-evolving markets in this case.

These observations suggest that in fast-evolving markets, higher levels of Al assistance

may be sustainable, since technical debt accumulation is less of an issue.

e Result 6 (Fast-evolving markets benefit from more Al-assistance). Fast-
evolving markets may benefit from higher levels of Al assistance, because technical debt

accumulation is contained due to high obsolescence rate.
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Figure 8: Effect of service and TD obsolescence rate on services, technical debt, and cumu-
lative discounted profit. Al assistance = 4100 percent for all runs. Fast evolving markets
have lower TD for the same Al assistance level.

4.6 Optimal AI Assistance Strategy

In this section, we explore optimal Al assistance level under different programming environ-
ment conditions using the built-in optimizer in Vensim DSS. We consider a finite horizon
decision making problem with multiple decision making points throughout the horizon. We
extrapolate between these points to smooth the dynamic behavior. We run each optimiza-

tion with multiple restarts to avoid getting stuck in local optima. In line with a common

assumption in the optimal control literature (Holt et al.|1960, Anderson Jr|/2001} |Anderson|

et al]2006, Anderson Jr et al.2023)), the firm’s objective function involves a penalty cost to

smooth the changes in the decision variables over time. Accordingly, the objective function
is calculated as the difference between the cumulative profit and the cumulative penalty cost.
The firm maximizes the final value of the objective function.

Figure [9) (a) shows how optimal Al-assistance level changes over time under different

levels of legacy code interactions. First, consider the greenfield case (solid, green line) in
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Figure 9: Optimal AI over time in different levels of brownfield environments

Notes: Green = greenfield environment, i.e. no interaction with legacy systems; low = low level of
interaction with legacy systems, medium = medium level of interaction with legacy systems, high =
high level of interaction with legacy systems.

which no legacy systems are present. At the start of the horizon—when the firm has not yet
developed any services—it is optimal to deploy Al assistance aggressively, as no technical
debt has accumulated. The resulting productivity boost enables the firm to accelerate service
development and commence revenue generation earlier. As the Al-assisted codebase expands,
however, technical debt accumulates alongside it. To keep this debt in check, the optimal
level of AT usage declines after the initial surge and converges asymptotically toward a lower
steady state. Near the end of the horizon, we observe a form of “profit-taking” behavior in
which Al usage rises sharply, since the adverse consequences of the additional technical debt
will materialize only after the horizon closes. In short, optimal Al usage exhibits a U-shaped
trajectory over time, with a relatively flat trough. This pattern is robust across a wide range
of parameter values.

We next examine the optimal level of Al assistance in environments with increasing

interaction with legacy systems (“brownfields”). The overall behavioral pattern remains
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Dynamic | Static
Green 346 343
Low 237 234
Medium 148 146
High 42 41.8

Table 2: Cumulative Discounted Profit ($M) vs. Optimization Type

Notes. Profit for statically optimized AI only marginally higher than profit for dynam-
ically optimized AI. Green refers to “greenfield” environment with zero legacy code
interaction. Low, medium, and high refer to increasing levels of legacy code interac-
tions in the programming environment.

broadly similar to the greenfield case; however, the level of Al assistance at any point in
time decreases as legacy-system interaction intensifies — from low, to medium, to high —
until, in the high-interaction case, very little Al assistance is used. Moreover, the initial
surge in Al usage becomes smaller relative to the eventual equilibrium, because the pre-
existing technical debt inherited from legacy systems is sufficiently large that it cannot be
allowed to grow as rapidly as in the greenfield setting. For comparable reasons, the end-of-
horizon “profit-taking” phase begins later.

At this point, it is useful to consider implications for real-world management of Al assis-
tance for longer-term projects. In practice, the exact parameter values governing any real
software system will not be known with sufficient precision to safely implement a fully opti-
mal dynamic strategy. Observing that the optimal dynamic trajectory converges toward an
equilibrium, we compare the optimal profit to the profit obtained under a constant level of
AT assistance. Table [2| shows that using a constant level of Al assistance has only a modest
effect on profit across different levels of legacy-system interaction.

Furthermore, the dynamically optimal strategy keeps technical debt as close as possible
to the initial level inherited from the legacy codebase, thereby preventing debt from com-
pounding and producing increasingly harmful effects. These observations suggest a practical
managerial approach: begin Al assistance at a conservative level while closely monitoring
indicators of technical debt such as sudden changes in the development rate or maintenance
costs. Al assistance can then be increased gradually until the first signs of technical-debt

pressure appear, at which point Al usage should be reduced to a safe level.

5 Discussion and Limitations

Al-assisted coding tools are rapidly gaining traction, and organizations are expecting sub-

stantial productivity improvements as these tools become integrated into development work-
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flows (Li 2024, |Amodei |2025). Indeed, this is a fast-moving space and we expect that some
of the shortcomings we have pointed out, especially the inability of Al systems to “see the
bigger picture,” will improve over time. But for now, our interviews with software engi-
neers and insights from the trade press suggest a more uneven and context-dependent real-
ity. While experimental studies and “vibecoding” scenarios often report strong performance
gains (Peng et al.|2023] |Cui et al. 2024} Paradis et al.| 2025, |Bakal et al.[[2025), outcomes are
considerably more mixed in complex, long-horizon development environments (Becker et al.
2025, [Medappa et al.|2025). Our results help explain this disconnect. We argue that the
accumulation of technical debt plays a central role in reducing the long-term benefits of Al
assistance, and demonstrate how this mechanism can reconcile the gap between short-term
experimental results and real-world development outcomes. Together, these insights under-
score the need for more nuanced guidance on when, where, and how Al-coding tools should
be strategically deployed.

In particular, short-term, one-off projects in greenfield environments can often be exe-
cuted safely by non-experts who rely heavily on AT tools (“vibecoding”), especially for rapid
data analyses or minimum viable products intended to elicit early customer feedback. By
contrast, long-lived projects require close attention to how Al-generated code interacts with
its surrounding environment. We find that Al assistance should be reduced under conditions
that heighten the risk of technical debt accumulation, such as substantial legacy-system
interaction (“brownfields”), greater architectural complexity, limited capacity for debt re-
tirement, slower rates of market change, and—most importantly—lower developer skill.

These factors provide an initial framework for understanding when AT assistance enhances
long-term productivity and when it undermines it, but many additional drivers require deeper
investigation. Key questions include: How does Al-assistance shift the balance between fea-
ture development and quality-assurance work such as code review and technical-debt retire-
ment? How do organizational pressures—especially deadline-driven “rush work” —amplify
technical debt accumulation by encouraging teams to skip essential refactoring or higher-level
design? And how must team structures and collaboration patterns evolve in response?

These issues could become even more salient as agentic Al assumes a larger share of the
development process. When Al agents autonomously generate substantial amounts of code,
developers are likely to take on responsibilities that extend far beyond traditional coding.
They effectively become tech leads and software architects, responsible for overseeing the
accelerated flow of Al-produced code and managing the technical debt generated by a suite
of agent “coders” acting on their behalf—agents that perhaps may also, in turn, invoke
a second tier of their own additional agents. In this sense, developers may increasingly

function as software “supply chain integrators,” coordinating and validating code originating
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from multiple Al “coders,” and ensuring that these components integrate cleanly into the
broader system architecture (Parker & Anderson 2002, Anderson et al. 2018). Much more
research is needed to understand the implications of this shift for software processes, roles,
and governance.

There are also important practical questions regarding which Al tools are best suited
to which tasks. Interviewees consistently emphasized that Al assistance is currently most
valuable for search-related activities, followed by generating test cases. (Notably, however,
larger test suites introduce their own maintenance burdens: tests can themselves become
fragile and require ongoing review.) Identifying the next set of “low-hanging-fruit” tasks for
AT augmentation is an essential research direction, as is determining how software-engineering
education and training should evolve to prepare developers to use these tools effectively.

Another important area for further study is identifying which aspects of brownfield legacy
software most strongly influence decisions about when and how to use Al tools. Brownfield
environments are often framed as interactions among corporate software systems within a
single organization, but other contexts can pose even greater challenges. For example, in
multi-sided platforms, hundreds or even thousands of third-party applications must interop-
erate with the platform’s core software, often through convoluted and continually evolving
interdependencies (Song et al. 2018, |Agarwal & Kapoor|[2023). In these settings, using Al
tools to develop core platform code can be especially risky: technical debt introduced by
Al-generated components may propagate broadly across the ecosystem, disrupting many
dependent applications. We further speculate that these risks are amplified in business-to-
business platforms, where greater customization on both sides of the market creates more
complex and less predictable interactions than in the better-studied business-to-consumer
platforms (Anderson, Lopez & Parker|2022). Platform owners therefore need to proceed
cautiously when deploying Al in such environments.

A different set of challenges arises when using Al tools in embedded software environ-
ments, which are also brownfield settings because new code must interface with legacy hard-
ware. An embedded control software engineer at an electric-vehicle manufacturer explained
that his team writes code that interacts directly with specialized microprocessors for real-
time control. Given the intricacies of this low-level interfacing, he was skeptical about the
current usefulness of Al tools beyond supporting search-related activities. Two constraints
make Al-generated code especially problematic for these engineers to use. First, their soft-
ware must run extremely quickly—to the point that they have to hand-write their software
in assembly language to avoid the code bloat introduced by higher-level languages such as
C++ or Python. For the same reason, the bloat typical of Al-generated code (GitClear
2025, |Doerrfeld|2025)) is unacceptable; in fact, the team had already discontinued the use of
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MATLAB-based auto-code generation because of bloat. Second, stringent functional-safety
requirements impose further limits, and the interviewee doubted that current Al tools could
reliably meet these safety constraints.

These insights underscore that Al-assisted software development is not a straightforward
productivity enhancement problem, but rather a deeply contextual, system-level challenge
shaped by architectural complexity, evolving developer roles, and hidden risks such as tech-
nical debt and cybersecurity vulnerabilities. We view this paper as one of the first attempts
to capture these interdependencies and to lay the foundation for a more nuanced research
and managerial agenda.

There are a number of limitations to our study. First, our simulation model has several
normalizations made for simplicity. This allows us to explore broad strategies under different
programming and market environments. However, the stylized nature of the model limits
the ability to fully calibrate for a specific firm or industry. Future research could extend our
framework to enable such calibration in order to develop tailored strategies.

Second, we have focused on accelerated technical debt accumulation as the primary mech-
anism for the mixed performance outcomes of Al-assisted software development. However,
we have not explicitly modeled a related and increasingly critical concern: elevated cyberse-
curity risks (Haque et al.|[2025] |Ji et al.|2024]). Al-generated code can unintentionally embed
insecure patterns, rely on outdated libraries (i.e., “dependency drift”), or bypass routine
threat modeling, increasing exposure to vulnerabilities that may not be immediately de-
tectable but can lead to costly breaches later. The case of the startup Enrichlead illustrates
these risks: its founder claimed 100% of the platform code was generated by an Al assis-
tant (Cursor), yet within days the system was found to suffer “newbie-level” security flaws,
forcing a shutdown (Kaminsky|[2025). The recent cyberattack on Jaguar Land Rover un-
derscores just how costly security lapses can become: the disruption to production resulted
in a quarterly loss of nearly £485 million, with an estimated broader impact on the U.K.
economy approaching £1.9 billion (Butt| 2025, |Leggett |2025). While we do not explicitly
model cybersecurity risks, we note that higher technical debt (regardless of its source) is
associated with higher cybersecurity risk (Ozkaya et al. 2021, BARR Advisory [2022)). By
modeling the negative impacts of technical debt on maintenance cost, we indirectly capture
some of the broader cybersecurity implications for the firm’s long-term performance. Future
research could extend the model to explicitly link Al-assisted coding with cybersecurity risk
exposure in order to offer specific mitigation strategies.

Third, in our simulations, the number of programmers remain constant; that is, the
firm does not hire or fire developers. However, workforce implications of Generative Al

have become a prominent concern, raising questions about how firms should shape future
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talent strategies, skill composition, and organizational design in Al-assisted development
environments. There is a clear need for further research across disciplines to examine how
AT assistance may affect hiring and training practices, and long-term workforce planning.
Finally, throughout our analysis we normalized the usage cost of Al-coding tools to zero.
This simplification allows us to focus on the underlying dynamics of Al-assisted software
development without making assumptions about how the cost of Al assistance might evolve
over time. There are mixed expectations regarding the future trajectory of Al costs. While
marginal token and compute costs have been declining sharply (Appenzeller 2024)), new
generation reasoning models tend to generate substantially longer outputs, increasing overall
token usage (Mims|2025). In addition, most Al providers currently operate at significant
losses, and there is growing consensus that enterprise-grade Al coding tools will become more
expensive as firms move toward sustainable pricing models. Future research can explicitly
incorporate these uncertain cost trajectories to derive more robust best practices for Al-

assisted software development.

6 Conclusion

Generative Al is reshaping software development by offering faster code generation, but its
effects extend far beyond short-term productivity. In this paper, we use a system dynamics
simulation model to examine the impact of Generative Al coding tools on the accumulation
of technical debt and long-term system performance. Drawing on industry cases, interviews,
and prior research, we study how outcomes vary depending on project type, developer ex-
pertise, market dynamism, and technical debt-management practices. Our findings provide
guidance on when and how Al coding assistance should be used to balance faster development

with system sustainability.
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