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Abstract
Software documentation teams rely on developer activity to iden-
tify and correct problems in their content. As AI coding assistants
reshape how developers seek information, their impact on soft-
ware documentation feedback channels has gone largely unnoticed.
When developers reduce reading documentation and stop post-
ing questions, documentation teams lose the signals they need
to find and fix problems. We use systems thinking to trace how
agent-mediated information seeking disrupts the balancing loops
that currently contribute to documentation quality and how this
disruption would create reinforcing loops that degrade documenta-
tion and code quality over time. We identify leverage points where
researchers can develop quality metrics and self-correcting docu-
mentation systems for agent-mediated use, and system designers
can surface agent consumption patterns to documentation teams.
Through this position paper, we call on the research community
to investigate how agent-mediated documentation consumption
reshapes documentation and its quality.

CCS Concepts
• Software and its engineering→ Documentation; • Human-
centered computing→ Computer supported cooperative work; •
Computing methodologies→ Intelligent agents.
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1 Introduction
AI coding assistants have quickly become a central component
of software development workflows. Controlled experiments and
practitioner surveys show that these tools significantly improve
productivity and are increasingly integrated across the develop-
ment lifecycle [8, 9]. However, the impact of this shift on the teams
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Figure 1: Documentation feedback loops before and after
adopting agents. Before, developers consult documentation
and report problems through feedback channels, creating
a balancing loop. After, AI agents mediate this interaction,
weakening the feedback paths (shown as dashed lines).

that create and maintain developer documentation, such as API
documentation, has been largely overlooked. Documentation teams
depend on signals from developer interactions with documentation,
like questions or votes on forums like GitHub, to identify what
needs improvement and are captured through feedback channels
such as issue trackers and forums. Agents consuming documen-
tation do not produce these signals, and these channels go silent.
What does it mean for documentation quality? To answer this ques-
tion, we examine how these feedback channels worked before agent
adoption, and how agents disrupt them.

From a systems thinking perspective [6], we identify two balanc-
ing loops originating from developers that the documentation teams
and illustrate with API documentation as an example. The first is a
direct feedback loop: when a developer finds the API documenta-
tion incomplete or incorrect, they report the issue through channels
such as issue trackers or pull requests maintained by the developing
organization. The second, indirect loop emerges from developer ac-
tivity across platforms. When developers encounter problems with
API documentation in the course of other activities, their concerns
surface on whichever platform hosts those activities [1]: content
related concerns appear in issue trackers and pull requests, process
related concerns on mailing lists, and tooling related questions on
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Stack Overflow. Some developers also create their own resources,
such as blog posts or video tutorials [2], to complement the official
documentation and catalog missing information.

2 How Agents Affect Feedback Loops
As developers seek information through AI agents, they stop con-
sulting documentation sources directly, posting questions on fo-
rums, or creating resources. Barke et al. [3] found that programmers
often accepted Copilot-suggested code without consulting any doc-
umentation source; to many participants, Copilot replaced what
would previously have been a Stack Overflow search. Subsequent
studies have similarly found that developers use language models
as faster alternatives to reading documentation [5] and external
forums [9]. When agents absorb these behaviors, the questions,
votes, and issue reports that would have reached documentation
teams are never created.

In systems thinking, a reinforcing loop is one where each cycle
amplifies the output of the previous one [6]. Such loops can emerge
when balancing loops lose their corrective feedback signal, leading
to problems that would otherwise be corrected now persisting in
the system. This is the risk for documentation consumed by agents.
When an agent retrieves ambiguous or incomplete documentation,
those problems propagate into the code it generates. If futuremodels
are trained on this code, the same documentation problems can lead
to the same errors in the next generation of models. This constitutes
a reinforcing loop that deteriorates code and documentation quality.

The same dynamic produces a reinforcing loop at the organiza-
tional level. When agents absorb the friction that previously gener-
ated complaints from developers, documentation teams see fewer
incoming issues. Reduced complaint volume can appear to indicate
adequate quality, which justifies cutting investment in documenta-
tion maintenance. Less investment results in poorer documentation,
which agents continue to consume without correction.

3 Implications
Meadows and Wright [6, Chapter 6] argue that not all interven-
tions in a system are equally effective, and proposed a list of twelve
places to intervene, which they term leverage points. The list con-
tains several factors, including numbers (their term for metrics
and standards), information flows, and goals that govern how the
system behaves. Some leverage points, like goals, are more pow-
erful because they change the conditions that produce problems,
rather than addressing symptoms. The reinforcing loops described
in Section 2 can be addressed through interventions at several
levels. However, these interventions carry a tension: improving
documentation for agent consumption and improving it for human
readers can pull in different directions. The interventions below
should be evaluated against both audiences, with a bias toward
human readability, because agents can be adapted to work with
human-readable content more readily than humans can reconstruct
meaning from content optimized for machine retrieval.
For (Agentic) SystemDesigners.A higher-order leverage point is
the structure of information flows in the system. Coding assistants
like Copilot already observe which documentation pages agents re-
trieve and whether developers accept or reject the generated output.
If developers frequently reject outputs generated from a particular

page, that pattern suggests the page contains ambiguities or inac-
curacies. Surfacing these patterns to documentation maintainers
would create a new feedback channel. Prior work has shown that
surfacing consumption traces to creators leads to improvements in
documentation [7]. Practitioners have already begun developing ad
hoc heuristics for agent-friendly documentation [4], but systematic
feedback from tool usage can support it empirically. However, this
depends on cooperation from agentic tool providers, who may view
consumption and rejection data as proprietary. Surfacing these pat-
terns also raises privacy concerns, since rejection signals are tied
to individual coding sessions that developers may not expect to be
shared broadly; requiring clear agreement on what gets reported,
to whom, and at what granularity. Designing this feedback channel,
therefore, requires aligning the interests of tool providers, develop-
ers, and documentation maintainers, none of whom currently have
incentives or mechanisms to negotiate.
For Researchers. Existing documentation quality frameworks
measure properties like readability or completeness, which assume
a human reader who constructs meaning from the text [10]. Evalu-
ating documentation for model consumption requires a different
set of quality metrics; it must account for how agents misinterpret
documentation and the downstream errors they produce. Thismea-
surement infrastructure would support the interventions described
earlier. A longer-term vision is to develop documentation systems
that can detect their own degradation through agent consumption
patterns and trigger corrections autonomously. Such systems would
represent a move toward self-organization, in which the documen-
tation itself participates in the balancing loop rather than relying
on external actors to close it.
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