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Abstract
Large Language Models (LLMs) are increasingly used through au-
tonomous agents (e.g., Copilot, Cursor, Devin, Claude) to perform
complex software development tasks. However, little is known
about how these agents introduce and document technical debt
through Self-Admitted Technical Debt (SATD) comments. Under-
standing SATD in AI-generated code is critical, as such comments
explicitly reveal acknowledged limitations and deferred fixes that
affect long-term maintenance. In this study, we quantitatively and
qualitatively analyze 525 SATD comments authored by AI agents us-
ing the AIDev dataset. Our results show that AI-generated SATD is
slightly more technically detailed than human-authored SATD, yet
both often describe problems without clear guidance on resolution.
Through thematic analysis, we identify 34 SATD topics grouped
into 10 categories, with AI agents predominantly documenting
requirement- and design-related debt. While many SATD topics
overlap between AI and humans, our taxonomy reveals new debt
categories and emphases specific to AI-authored SATD, particularly
related to infrastructure, pipelines, dependency management, and
requirement interpretation driven by developer prompts. Overall,
our findings suggest that AI- and human-authored SATD share
common characteristics but differ in expression and focus, high-
lighting the need for deeper investigation into how agentic systems
communicate and manage technical debt.
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1 Introduction
Software engineering has entered a new era, increasingly shaped
by AI Agents, which can perform complex development activities
such as code generation [34] and code review [27]. Modern AI
coding Agents, like OpenAI Codex, and Cursor, are evolving be-
yond simple autocomplete tools to become active contributors that
generate code, and submit pull requests [16]. Although they can
rapidly produce functional code through natural language prompts,
the generated code often contains logical errors, performance is-
sues, or security flaws [32]. However, it remains unclear whether
these agents explicitly acknowledge their limitations through SATD
comments. Unlike human developers, AI agents are not expected
to intentionally defer work or leave low-quality codes for future
refinement. Analyzing SATD in AI-generated code enables quan-
tifying when and how agents expose their failure modes, such as
missing context, unavailable resources, or deferred decisions. This
motivates a systematic investigation into whether AI agents gen-
erate SATD, how often they do so, and what types of SATD they
produce.

Accordingly, we aim in this paper to examine the prevalence and
characteristics of SATD generated by AI agents, and to compare
these against human-authored SATD. We start by analyzing the
prevalence and the quality of SATDs authored by AI Agent. Then,
we aim to identify the main issues acknowledged by AI coding
agents in their SATDs, providing insights into how these agents
document limitations and reasoning in their code. The subsequent
analysis is structured around the following research questions:

• RQ1. To what extent do AI Agents and human-authored
SATD differ in prevalence and quality?

• RQ2. How are AI agent authored SATDs fixed ?
• RQ3.What types of SATD are produced by AI agents?

We explore the AIDev-Pop dataset [26], which consists of 856
GitHub repositories with more than 500 stars and involving con-
tributions from Copilot, Cursor, Devin AI, and Claude. We limit
our scope to commit-level data, analyzing file patches to extract
SATD instances. To address our research questions, we analyze
820 agent-authored and 1,991 human-authored SATD instances
extracted from 208k comments.

Our findings indicate that AI-generated SATD are slightly more
technically detailed than those authored by humans; however, both
predominantly describe problems without providing actionable
guidance for remediation. Based on manual thematic analysis, we
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find that while AI agents and human developers share common
SATD topics, AI-authored SATD shows distinct emphases and intro-
duces new debt categories, notably in infrastructure and pipelines,
dependency management, and requirement interpretation.

Open Science. We provide our replication package publicly
available for future extensions and replications [5].

2 STUDY DESIGN
2.1 Data collection
In this study, we use the AIDev-pop dataset [26], which contains
856 repositories. Following the findings of Li et al. [26], our analysis
excludes the Codex agent. This exclusion is due to the difficulty
of reliably assigning its authorship within commit metadata. In
contrast, other agents explicitly indicate their authorship at the
commit level, except for Claude, whose authorship is extracted
from the “Co-Authored-By: Claude” message. From the complete set
of commits in the database, we excluded those that either (i) did
not include any modified files, or (ii) lacked source code changes
(e.g., documentation-only updates). After filtering, the dataset com-
prises 34k commits and 84k comments from AI agents, and 46k
commits and 124k comments from humans. We use the python
library comment-parser [1] to extract comments from patches.

2.2 Data Analysis
To answer RQ1, we use the keywords of Xiao et al. [35] to identify
SATD. We identified 820 SATD comments authored by the four
studied AI agents. These instances are used to study the prevalence
of SATD. We excluded 103 false positives (≈12%) during manual
validation, mostly from keywords like fix used out of context.
After removing false positives and duplicated SATD instances, we
retained 525 SATDs for quality evaluation. SATD prevalence is
measured at the commit, file, and comment levels, defined as the
proportion of units at each level that contain at least one SATD.

Unlike human, AI-generated SATD does not reflect intentional
design trade-offs but emerges from the code generation process.
Evaluating its quality is essential to determine whether it conveys
actionable fix information or introduces ambiguity, and to mitigate
maintenance risks in AI-assisted software development. Hence, we
employ a comment-centric method by evaluating SATD comments
without considering the surrounding code, following Wang et al.
[33]. This comment-centric perspective provides a strict measure
of the intrinsic clarity, readability, and usefulness of the comment
itself [33]. For each SATD instance, we compute 4 classes of metrics:

(i) Readability: we use the Flesch Reading Ease (FRE) metric, a
widely used measure for assessing text readability based on word
and sentence length, word form, and syllable or letter count [18, 24].
A higher FRE score indicates easier readability, scores of 70–100
indicate easy-to-read, 60–70 suits standard readers, and 0–30 is
suitable for specialized professionals,

(ii) Text comprehensibility: measures how easily a developer un-
derstands an SATD comment. Although developers are technically
skilled, clarity depends on writing quality [25]. The Gunning–Fog
Index (GFI) [21] measures this clarity through linguistic complex-
ity. GFI estimates how many years of education a reader needs to
understand a text on first reading. Lower scores indicate that the
text is easier to read and requires less background knowledge.

(iii) Technical Specificity (TS): measures how precise and action-
able a SATD comment is (what, where, how), [33], to help developers
locate, understand, and address debt more effectively.

(iv) Comment Quality Levels(CQL): classifies comments into three
levels according to the richness and clarity of the information
they convey [24]. Level 1 comments offer no useful repair guid-
ance and often contain vague remarks or parameter explanations.
Level 2 comments describe the issue to some extent but lack con-
crete direction. Level 3 comments provide explicit suggestions or
solutions, offering clear and actionable guidance for fixing the
problem. Following Huang et al.’s method [24], we prompt LLM
(Qwen2.5-7B-Instruct) to compute CQL and TS. We manually
reviewed and validate the outputs produced by the LLM to ensure
annotation quality. Finally, we compute Mann–Whitney U tests
[17] to assess whether differences between human and AI Agents
(as one group) were statistically significant, and used Cliff’s Delta
(𝛿) to quantify effect size.

To answer RQ2, we evaluate the extent to which SATD intro-
duced by AI Agents are eventually resolved, we conduct a longitu-
dinal tracking analysis of every SATD instance in our dataset. We
collected a total of 478 SATD instances introduced by AI Agents.
For each new introduced SATD instance, we record its introduction
commit, author, and fixed commit by reconstructing the commit
graph. To compare remediation effort of each agent, we compute
quantified remediation effort for each SATD size metrics, using five
metrics: Resolution Time (RT), Files Changed (FC), LOC Added (LA),
LOC Deleted (DL), and Commits Touching File (CTF) until the fix.
To assess whether remediation-effort metrics differ across agents,
we use the non-parametric Kruskal–Wallis H test, appropriate for
skewed distributions with outliers and unbalanced sample sizes.

To answerRQ3, we analyzed 525 SATD instances authored by AI
agents using inductive thematic analysis [15]. We classified SATD
comments based on their content [14]. The analysis proceeded
iteratively: during open coding, the first author identified initial
concepts across the SATDs, which were synergistically refined with
co-authors into broader categories representing major types of
AI-generated debt. After stabilizing the top-level categories, subcat-
egories were derived using the same iterative coding process. This
bottom-up process led to the emergence of AI-specific SATD types
that extend or diverge from traditional SATD classifications. To
ensure inter-rater reliability, the authors conducted multiple calibra-
tion sessions on representative samples, resolving all disagreements
through negotiated consensus.

3 STUDY RESULTS
3.1 RQ1: To what extent do AI Agents and

human-authored SATD differ in prevalence
and quality?

3.1.1 SATD prevalence. SATD is less prevalent in AI Agent
than human.

Table 1 shows that humans exhibit a higher SATD prevalence
across commits (4.25%) and comments (1.60%) compared to AI
agents (≈2.6% per commit and ≈ 0.95% per comment), suggesting
that human acknowledge technical debt more frequently. Among
the agents, Cursor has the highest SATD ratio per commit (2.8%)
and per file (0.72%), indicating that its generated code more often
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Table 1: Prevalence of SATD: AI agents and Human
Author #Commits #Files #Comments SATDs %Commits %Files %Comments
Copilot 13,976 75,667 40,325 405 2.90 0.54 1.00
Devin AI 16,507 63,686 28,204 313 1.90 0.49 1.11
Cursor 3,534 13,860 15,013 100 2.83 0.72 0.67
Claude 111 457 589 2 1.80 0.44 0.34
Human 46,847 519,497 124,204 1,991 4.25 0.38 1.60

Table 2: Comparison of SATD quality metrics across AI
Agents, with p-values for AI (Combined) vs. Human

Author FRE GFI TS CQL
Copilot 37.96 12.63 0.3043 1.5783
Cursor Agent 40.62 11.49 0.2583 1.4458
Devin AI 43.71 11.77 0.2700 1.5060
Human 39.77 11.07 0.2564 1.3896
p-value 0.129 0.055 0.001 0.013
Size effect 𝛿 Negligible (0.08) Negligible (0.10) Small (0.16) Negligible (0.11)

contains technical debt. Copilot follows closely with a similar SATD
ratio per commit (2.9%), suggesting comparable patterns of SATD
introduction. In contrast, Devin shows the highest SATD density
per comment (1.1%), meaning that its comments are more likely to
contain explicit technical debt.

Humans write more SATD than AI agents because they possess
project context, accountability, and intentionality regarding design
trade-offs. Conversely, The prompt-driven nature of AI agents can
prevent common code-quality-related debt, such as incomplete
logic or low-quality code, through direct generation, reducing the
need for explicit SATD.

3.1.2 SATDs Quality. Both humans and AI agents produce
SATD comments that mostly identify a problem but provide
limited or no guidance on how to fix it.

As shown in Table 2, SATDs written by both AI agents and hu-
man developers exhibit comparable levels of linguistic complexity.
Readability remains uniformly low across all authors (FRE ≈ 38–
44), reflecting the dense and technical nature of SATD. The GFI
(≈ 11–12) suggests that SATD comments assume familiarity with
software engineering terminology, making them challenging to
interpret without prior domain expertise. For instance, the quality
score of the SADT “TODO: Implement cache management” [8], have
a TS score of 0.2, and 1 in terms of CQL. TS and CQL are lower
because the SATD omits details about the cache type, which com-
ponent should manage caching, and the intended implementation.
Overall, comparison between Human and AI agents shows negli-
gible differences in readability, comprehensibility, and comment
quality (𝛿 < 0.11), whereas technical specificity exhibits a small
effect (𝛿 = 0.16), indicating a modest yet consistent improvement
in the detail of AI-generated SATD. This aligns with recent studies
showing that LLMs tend to produce more elaborated, and precise
comments compared to human authors [19, 20].

We argue that AI agents are trained on more structured program-
ming text [22], helping them to generate comments that follow
clearer syntactic patterns, include more contextual cues, and better
articulate intent [22]. Human developers often write SATD under
time pressure as self-reminders, leading to more fragmented phras-
ing and lower specificity, such as “TODO: Add Authz” [7] which has
QCL =1. While readability and comprehensibility remain similar
across groups due to the technical nature of SATD, AI-generated
comments achieve marginally better structural organization.

The readability distribution in Figure 1 shows that AI agents
and human developers produce SATD that clusters predominantly

in the Difficult (≈ 24%–33%) and Very Difficult categories (≈ 25%–
30%), and minor Easy SATDs (> 6%). These two bands represent
the largest areas across all curves, confirming that SATD comments
are generally dense, technical, and written under strong contextual
assumptions. This reflects the inherent nature of SATD rather than
a limitation of any specific author: SATDs tend to omit explanatory
detail, which naturally increases their linguistic difficulty.

Very Easy

Easy

Fairly Easy

Standard

Fairly Difficult

Difficult

Very Difficult

0%

20%

Copilot
Cursor Agent
Devin AI
Human

Figure 1: Readability Category Distribution per Agent

We observe that AI Agents exhibit substantial proportions in
the Difficult and Very Difficult zones, with Copilot showing the
strongest presence in the Difficult region and Devin AI extending
more toward the Very Difficult end of the spectrum. For example,
a Devin-generated SATD such as “TODO: write makeWhereClause
equivalent for kysely”[6] receives a high GFI score (=22.4), illustrat-
ing highly technical phrasings often push Devin’s comments into
the harder readability categories. Cursor and Human both follow
a distribution dominated by the difficult bands, with only small
amounts of SATD falling under Easy or Fairly Easy. For instance, a
Cursor Agent comment such as “FIXME: Do not use useEffect to set
local state paneWidth. eslint-disable-next-line react-hooks/exhaustive-
deps” is rated as difficult (GFI = 14.8) due to its high density of
React-specific terminology, even though its CGL score is 2 because
it describes the issue without offering actionable repair guidance.
Human exhibits a readability profile that closely mirrors the AI
agents, reinforcing that low readability is a structural characteristic
of SATD itself. This observation is consistent with the CQL patterns
in Table 3, where both humans and AI agents produce mostly Level
1 and Level 2 SATD comments that identify a problem but provide
limited or no guidance on how to fix it.

As shown in Table 3, most SATDs fall into Level 1 (45%–63%),
with humans producing the low-quality comments (p = 0.012, with
negligible effect sizes: 𝛿 = 0.11). Between 34% and 51% reach Level 2,
where Copilot performs best. Only 2.4–3.6% attain Level 3, though
Devin AI and Copilot generate more actionable SATDs (e.g., com-
ment from commit #a7179b0 [12]). These proportions reinforce
the earlier findings: SATD, regardless of whether it is written by
humans or AI agents, tends to be difficult to read, and generally
lacking in actionable detail. Only about 2–4% of SATD provides
actionable guidance for maintenance. This slight similarity between
human and AI SATD quality is largely due to the nature of SATD,
the low actionability of human-written SATD, and the fact that
LLMs replicate existing patterns of technical debt annotations seen
in their training data, which confirms the finding of OBrien, et al.
[30].
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Table 3: Comparison of CQLs Across AI Agents, with p-values
for AI (Combined) vs. Human

Author Level 1 (%) Level 2 (%) Level 3 (%)
Copilot 45.78 50.60 3.61
Cursor 57.83 39.76 2.41
Devin AI 53.01 43.37 3.61
Human 63.45 34.14 2.41
p-value 0.012 0.019 0.594
Effect size (𝛿) Negligible (0.111) Negligible (0.103) Negligible (0.008)

3.2 RQ2: How are AI agent authored SATDs
fixed?

Differences in SATD-fixing behavior across AI agents emerge
from prompting and developer-defined workflows.

As shown in the Table 4, the human effort required to prompt
each agent to a successful fix SADT varies significantly (H-stat:
38.8-82.7). Copilot consistently produces the smallest and simplest
fixes. For example, its median FC is 55, compared with 5 for Cursor
and 7 for Devin. Similarly, Copilot shows extremely large variation
in change size ( LA: mean = 2,976), indicating occasional massive
auto-generated patches, like observed on the SATD [13]. Cursor
Agent shows moderate, stable fix sizes (TR median 2.02h) versus
Copilot (0.13h) and Devin (2.40h). Devin AI yields the most exten-
sive changes, averaging 243.9h—more than 3× Cursor and almost
4× Copilot.

AI agents often make large code changes when resolving SATD,
as they tend to rewrite entire files rather than apply localized
fixes—a behavior tied to full-code regeneration and refactoring [23].
Some extreme cases result from repository operations; for example,
Copilot’s largest deletion (797,880 LOC [4]) removed vendored de-
pendencies. Overall, SATD resolution effectiveness appears driven
more by prompting context and task scope than by the agent itself.

Table 4: Comparison of fix-effort metrics across Agents.
Metric Copilot Cursor Agent Devin AI H-Stat

Median Mean Median Mean Median Mean
TR(H) 0.13 63.99 2.02 81.63 2.41 243.86 38.78
FC 55 119.71 5 15.55 7 39.49 52.71
LA 2 2976.52 183 762.40 31 865.71 67.30
LD 8983 82979.15 81 217.30 54 498.61 82.66
CTF 1 1.23 1 2.60 2 4.18 45.51

3.3 RQ3: What types of SATD are produced by
AI Agents?

Our thematic analysis revealed 10 topics for which AI Agents
write SATD, encompassing 34 sub-topics.

As shown in Figure 2, we expand on prior SATD topic tax-
onomies [28, 29, 31] by introducing new categories (colored boxes),
including Infrastructure and Pipeline, and subcategories such as
Prompt coverage and Design uncertainty (e.g.,“TODO: Do we need to
do this...?”), where AI agents express doubts about current design
decisions [29]. Most AI-generated SATD relates to requirements
(27.0%), followed by code (17.3%) and design debt (15.6%), suggest-
ing that agents often flag structural or refactoring needs during
code generation. We argue that these results indicate: (1) AI agents
focus on requirement-related gaps, highlighting difficulties in in-
ferring implicit or incomplete specifications; and (2) the combined
share of compatibility and dependency debt (13.2%) suggests that
AI agents often struggle with integration concerns.
✦ (T1) Requirement: emerges as the most dominant SATD cate-
gory across AI agents. For instance, within this category, AI agents

Taxonomy of Agent AI-SATD Topics
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Figure 2: Taxonomy of SATD Topics authored by AI Agents.

focused on new feature needed (≈71.84%), such as “ TODO: Implement
code-request workflow” [11]. This indicates missing specifications,
suggesting that AI Agents frequently surface ambiguity in system
behavior as technical debt.
❖ (T2) Design: These comments target unresolved architectural
or modular issues, likely reflecting the complexity of large projects
and the limitations of the LLM context window. Design SATD is
dominated by code smell debt (≈67.11%) and design uncertainty
(≈32.86%).
▲ (T3) Code: This debt is dominated by low-quality code (≈85%),
indicating frequent generation of code that adversely affects read-
ability and maintainability, such as “ TODO: Replace this hack with
something better”[10].
✔ (T4) Test: Test-related SATD is moderate across AI agents (9.5%).
These comments highlight missing validation steps, insufficient
testing coverage (≈ 41%), or flaky test (≈ 19%), such as “TODO: Fix
this test for mobile as it’s flaky” [9].
✎ (T5) Documentation & Security: Documentation and security
topics remain consistently low across all AI agents, showing that AI
rarely flags documentation debt or potential security risks. Likely
due to limited contextual and threat-aware reasoning in prompts
and LLM capabilities.
➥ (T6) Infrastructure & Pipeline: These comments typically
relate to CI/CD Pipelines, configuration, deployment constraints, or
observability (e.g., “TODO: Add detailed health checks for all services”
[3]) that agents cannot fully address. For instance, observability
debt occurs when agents identify missing health checks but defer
fixes because of environment uncertainty.
✘ (T7) Defect: AI agents may document defect-related SATD in-
stead of fixing it when the available context, specifications, or task
scope are insufficient to apply a safe and correct remediation.
◆ (T8) Dependency & Compatibility: This SATD arises from
challenges with internal module dependencies, external libraries, or
framework version mismatches, reflecting integration and ecosys-
tem alignment issues faced by AI agents in large projects (e.g., the
mlflow project [2]).

4 Conclusions & Takeaways
This study provides the first empirical investigation of SATD au-
thored by AI agents. By analyzing 856 repositories, we compared
SATD written by AI agents and human in terms of prevalence and
quality. Furthermore, we quantify the remediation effort, and manu-
ally classify SATD into 10 topics and 34 sub-topics. We observe that
the most frequently occurring reasons behind Agent SATD is to doc-
ument design debt and adding new features, as well as dependency
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and compatibility issues. Our findings show that AI agents generate
SATD with more technical details but exhibit similar readability.

However, the underlying mechanisms that lead AI agents to
produce SATD, particularly comments related to low-quality code
or lacking actionable guidance, remain insufficiently understood.
These observations point to potential influences of training data,
prompt formulation, and agent reasoning strategies, and raise open
questions about whether AI-authored SATD reflects deliberate de-
sign rationale or artifacts of prompt-driven uncertainty. Understand-
ing why AI agents rarely provide takeaway guidance, and whether
they can be considered true authors of SATD, remains an open area
for future investigation. Another direction is to study SATD across
AI agent, LLM constraints, and project-scale perspectives to better
understand AI-generated SATDs.
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