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Abstract
Architectural Technical Debt (ATD) is difficult to observe because
architectural degradation emerges from dispersed evidence: recur-
rent changes, architectural smells, issue-tracker discussions, and
design decisions that are rarely documented in a single artifact. This
paper presents an empirical study on software architecture and is-
sue inspection supported by Large Language Models (LLMs). We
build on ATDCodeAnalyzer, an automated approach that identifies
critical classes potentially affected by ATD using historical change
metrics, co-change information, and architectural-smell evidence.
We then investigate whether issues linked to commits that modify
such critical classes exhibit architectural impact. The study analyzes
four mature Apache Java systems—Cassandra, Kafka, ActiveMQ,
and Hadoop—covering 75,809 commits, 51,163 issues, 9,471 com-
mits touching critical classes, 4,570 issues linked to those commits,
and 685 inspected issues. A semi-automatic LLM-assisted protocol
labels issues as architecturally impactful or not, records textual jus-
tifications, and is compared against manual inspection on Apache
Cassandra. Results show substantial agreement between manual
and LLM-assisted labeling (Cohen’s 𝜅 = 0.721) and indicate that
34.5% to 42.5% of inspected issues linked to critical classes have ar-
chitectural impact. Critical classes also appear prominently among
the classes with the highest number of architecture-impact issues.
The findings suggest that LLM-assisted inspection can reduce the
effort of mining issue trackers while preserving traceability and
supporting evidence-based ATD management.
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1 Introduction
Technical Debt (TD) captures the long-term maintenance cost in-
troduced by short-term software decisions [9, 12]. Architectural
Technical Debt (ATD) is particularly harmful because it affects
structural decisions, component dependencies, architectural con-
straints, and cross-cutting design assumptions that influence future
evolution [2, 24]. While a local code smell may be mitigated with an
isolated refactoring, ATD often requires coordinated changes across
modules, interfaces, build pipelines, tests, deployment assumptions,
and sometimes even operational practices. Therefore, ATD tends to
remain hidden until a system evolves enough for the accumulated
costs to become visible.

Self-Admitted Technical Debt (SATD) provides a complemen-
tary signal. Developers sometimes explicitly document limitations,

workarounds, incomplete implementations, postponed design deci-
sions, or risky assumptions in comments, commit messages, and
issue discussions [14, 15, 20]. SATD is not equivalent to ATD, but it
can reveal design discomfort and maintenance risk. For example,
a developer note indicating that a synchronization mechanism is
temporary may later correspond to a recurring architectural prob-
lem in a distributed system. Similarly, issue discussions may expose
component coupling, scalability limitations, or configuration con-
straints that are not visible through static analysis alone.

Despite extensive work on TD, SATD, architectural smells, and
software repository mining, validating whether automatically de-
tected critical files are actually related to architectural issues re-
mains challenging. Manual inspection requires architectural ex-
pertise and is costly for large repositories. Issue trackers provide
rich evidence about design concerns, bug fixes, improvements, fea-
ture requests, component interactions, and developer reasoning,
but their textual nature makes systematic inspection difficult at
scale [1, 18, 21]. Recent LLMs can support classification, summariza-
tion, and reasoning over software artifacts [3, 4, 25]. This motivates
their use as inspection assistants for architecture-related issue anal-
ysis, provided that the process remains traceable, verifiable, and
aligned with empirical rigor.

This paper studies the relationship between software architec-
ture and issue inspection supported by LLMs.We build onATDCode-
Analyzer, which identifies source-code files potentially affected by
ATD by combining historical evolution metrics and architectural-
smell evidence [22]. The central research question is: RQ. To what
extent do issues associated with commits affecting critical classes
demonstrate a relationship with ATD and SATD?

To answer this question, we analyze four Apache Java projects 1:
Cassandra, Kafka, ActiveMQ, and Hadoop. These systems are large,
long-lived, and architecturally complex. They also maintain public
repositories and issue trackers, allowing us to connect commits,
critical classes, issues, and textual discussions. We identify com-
mits that modify critical classes, link them to issue-tracker tickets,
select representative issue samples, and apply a semi-automatic
LLM-assisted inspection model to classify architectural impact. The
study follows an empirical pipeline designed to improve originality,
relevance, rigor, verifiability, transparency, and quality.

The main contributions are: (i) an empirical protocol that links
critical classes, commits, issue-tracker data, SATD evidence, and
architectural-impact labels; (ii) a reusable LLM-assisted inspection
process for classifying architecture-related issues with textual jus-
tifications; (iii) a cross-project dataset of 685 inspected issues from
four Apache systems; and (iv) empirical evidence that issues linked

1https://www.apache.org
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to commits touching critical classes frequently exhibit architectural
impact and that LLM-assisted inspection can achieve substantial
agreement with manual labels.

The remainder of this paper is organized as follows. Section 2
presents background concepts. Section 3 describes the methodology.
Section 4 presents the dataset analyzed. Section 5 reports the results.
Section 6 discusses implications. Section 7 reviews related work.
Section 8 discusses threats to validity and Section 9 concludes the
paper.

2 Background
2.1 Architectural Technical Debt
ATD arises when architectural decisions or structural problems
make future maintenance and evolution more expensive [2, 24]. Ex-
amples include cyclic dependencies, erosion of modular boundaries,
unstable abstractions, excessive coupling, duplicated architectural
responsibilities, and classes that become coordination hubs. ATD
differs from local code debt because its consequences propagate
across modules and often require architectural refactoring rather
than isolated patches. Prior studies emphasize the need to identify,
prioritize, and manage ATD using both technical indicators and
stakeholder information needs [16, 17, 23].

ATD is strongly related to software evolution because design
decisions that were once acceptable may become problematic as re-
quirements, performance constraints, or deployment environments
change. Therefore, detecting ATD requires understanding how the
system evolves, including recurrent co-changes, accumulated mod-
ifications, and architectural smells, which motivates combining
repository mining with structural analysis.

2.2 Self-Admitted Technical Debt
SATD denotes debt explicitly acknowledged by developers, of-
ten through terms such as TODO, FIXME, workaround, or com-
ments that signal incomplete or suboptimal design choices [14, 20].
SATD detection evolved from keyword-based heuristics to machine-
learning and natural-language-processing techniques [11, 15]. Al-
though SATD does not cover all technical debt, it provides valuable
developer-generated evidence for identifying maintenance risks
and refactoring opportunities.

In this study, SATD is treated as an evidence stream rather than
the sole target variable. We search for SATD-related signals in com-
mit messages, diffs, issue summaries, descriptions, and comments.
Such signals can reveal whether developers themselves acknowl-
edge debt around classes thatATDCodeAnalyzer identifies as critical.
The combination is important: an architectural hotspot may be de-
tectable from metrics, but SATD helps explain why maintainers
perceive parts of the system as problematic or incomplete.

2.3 Issue Trackers as Architectural Evidence
Issue trackers provide structured and unstructured evidence about
software evolution, including metadata, descriptions, comments,
design discussions, workarounds, and links to commits or pull re-
quests. They are valuable for architecture research because they
can reveal the rationale behind changes, such as cross-component

Figure 1: Evaluation pipeline linking repositories, issue
trackers, critical classes, SATD signals, and LLM-assisted
architectural-impact labels.

failures, new integration mechanisms, or extensions to core ab-
stractions [18]. However, because they also contain noisy or mixed-
content issues, architecture-impact inspection requires a clear def-
inition: an issue is considered architecturally impactful when its
implementation or resolution affects system-level design decisions,
module responsibilities, communication mechanisms, data storage,
concurrency, configuration, distributed coordination, or core ab-
stractions; otherwise, localized fixes are classified as non-impactful.

2.4 LLMs for Software-Engineering Inspection
LLMs have shown strong capabilities in code-related tasks, includ-
ing code generation, completion, summarization, and reasoning
over textual software artifacts [4, 6, 8]. In issue trackers, LLMs can
assist with classification, triage, summarization, and justification
because issue reports combine structured fields and unstructured
developer discussions. However, LLM-supported empirical research
must preserve traceability, avoid opaque labels, and compare out-
puts against human inspection when possible. Therefore, our pro-
tocol stores issue inputs, prompts, labels, and justifications to make
the inspection auditable.

The use of LLMs in our study is deliberately conservative. The
LLM is not asked to infer hidden architectural facts beyond the issue
text. Instead, it receives definitions, examples, and the issue content,
then returns a binary label and a textual rationale. The classification
process is designed to be repeatable and inspectable by researchers.
This design follows the principle that LLMs can reduce repetitive
inspection effort while human researchers remain responsible for
protocol design, validation, interpretation, and quality control.

3 Approach and Methodology
Figure 1 summarizes the evaluation pipeline. The method begins
by extracting repository and issue-tracker artifacts. It then applies
ATDCodeAnalyzer to detect critical classes, filters commits touching
such classes, links those commits to issues, extracts SATD signals,
selects representative issues, and uses LLM-assisted inspection to
label architectural impact.
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3.1 Overview of the Eight Phases
The pipeline2 has eight phases. First, repository artifacts are col-
lected and ATDCodeAnalyzer is executed. Second, commits that
touch critical classes are retained. Third, issue fields such as type,
status, priority, summary, description, and comments are extracted.
Fourth, correlation metrics quantify how critical classes appear in
commits and linked issues. Fifth, SATD keywords are searched in
commit messages, diffs, and issue text. Sixth, a statistically repre-
sentative sample of issues is selected for inspection. Seventh, the
LLM-assisted inspector classifies each issue as yes or no for archi-
tectural impact and records a justification. Eighth, the final labels
are analyzed by repository, issue type, class, and time-to-resolution.

This phased design makes the study traceable. Each issue label
can be traced back to the issue text, its linked commits, the critical
classes touched by those commits, and the prompt used during
inspection. This traceability is important for a research setting in
which LLM outputs must be auditable and where future researchers
may want to reproduce, challenge, or extend the labels.

3.2 Critical-Class Identification
ATDCodeAnalyzer detects ATD-prone files by combining historical
change information, co-change patterns, and architectural-smell in-
dicators. The underlying assumption is that critical classes affected
by ATD tend to concentrate recurrent changes, appear in commits
linked to important issues, and participate in structural problems.
Metrics include accumulated modified lines of code (AMLOC), file
occurrence in commits (FOC), cyclomatic complexity (CC), and co-
change/composition indicators. Quartile-based selection identifies
files with high maintenance and architectural relevance [22].

The method is aligned with Design Science Research because it
evaluates an artifact that supports a relevant software-engineering
problem [19]. The artifact is not only a classifier but a mining
pipeline that helps researchers identify candidate architectural
hotspots. In this paper, the candidate hotspots are further validated
through issue-tracker evidence. The validation does not assume
that every critical class is architecturally problematic; instead, it
asks whether commits involving such classes are disproportionately
connected to issues that express architectural impact.

We study four widely-used Apache Java projects (Cassandra,
Kafka, Hadoop, ActiveMQ) hosted on GitHub, chosen for complex
architectures, long histories, and industrial relevance. Following
Apache’s development and issue-tracking standards, we executed
ATDCodeAnalyzer to identify critical classes impacted by ATD and
used this set to drive subsequent analyses. To characterize the
repositories, we employed cloc3 (LOC, files, Java files, comments
at 2023/10/04). Detailed repository attributes and the evaluation
steps are available in the replication kit.

We explain the evaluation with Apache Cassandra (RP1), includ-
ing relationships between commits and issues and a step-by-step
application of our method (Figure 2). The list of critical classes and
extraction procedure are provided in the replication kit.

2https://github.com/Technical-Debt-Large-Scale/my_validation/blob/main/imagens/a.jpg
3https://github.com/AlDanial/cloc

3.3 Commit and Issue Linkage
For each project, we extracted commits from the Git repository and
issues from the corresponding Apache issue tracker. A commit was
retained for downstream analysis when it modified at least one crit-
ical class. We then identified issue references in commit messages
using project-specific issue-key patterns such as CASSANDRA-XXXX,
KAFKA-XXXX, AMQ-XXXX, and HADOOP-XXXX. The linkage step pro-
duced the population of issues associated with commits touching
critical classes.

This linkage strategy favors precision over recall. If a commit
does not mention an issue key, the corresponding issue cannot be
connected automatically. Conversely, when project conventions
encourage issue references in commits, the link provides useful
traceability from discussion to implementation. We therefore inter-
pret the linked population as the set of issues observable through
explicit repository-tracker references rather than the complete uni-
verse of all architecture-related discussions.

3.4 SATD Extraction
SATD-related signals were extracted from commit messages, diffs,
issue summaries, descriptions, and comments. The keyword lexicon
was compiled from prior SATD studies [11, 14, 20]. The goal was
not to create a new SATD classifier, but to annotate the inspected
population with developer-admitted debt evidence. SATD evidence
helps distinguish cases where architectural impact is accompanied
by explicit developer recognition of a design or implementation
compromise.

The extraction also supports qualitative interpretation. For ex-
ample, if an issue linked to a critical class contains terms such as
workaround, temporary, or refactor, the issue may deserve closer
inspection even if the label is ultimately non-architectural. Con-
versely, an issue may have architectural impact without SATD key-
words, such as when it introduces a new distributed coordination
mechanism or changes a core storage abstraction.

More specifically, we retained detailed Cassandra commits that
touched at least one critical class, resulting in 4,522 commits, and
used them for downstream correlation. From the Cassandra Jira4,
we analyzed 18,635 issues across∼14 years (2009/03/02–2023/10/04),
organizing fields (type, status, priority, text) for subsequent linkage
with commits.

3.5 Sampling and Inspection Protocol
For Cassandra, the inspected sample was selected from the 2,912
issues linked to commits that modified critical classes. We used
a confidence level of 0.95, margin of error of 0.05, and expected
proportion of 0.8, producing 226 issues. For each selected issue,
we generated a structured text representation containing the issue
key, type, status, priority, summary, description, and comments.
The same representation was used for manual inspection and LLM-
assisted inspection. The manual inspection process was done by 3
system engineers who know the four Apache projects.

We adopted a semi-automatic inspection using ChatGPT5 (v3.5)
with few-shot and chain-of-thought prompting [3, 26] to classify

4https://issues.apache.org/jira/projects/CASSANDRA
5https://chat.openai.com
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Figure 2: Empirical pipeline applied to Apache Cassandra

Figure 3: Issue labeling process

whether issues have architectural impact and to record justifica-
tions. The process (Figure 3) comprises six stages: (1) concepts and
examples (ATD/SATD, commits, issues); (2) exemplar issues and
Architectural Impact Classifier ; (3) data preparation (226 .txt issue
files); (4) manual inspection; (5) ChatGPT inspection (226 files); (6)

agreement analysis via Cohen’s Kappa between manual and auto-
matic labels. Artifacts and prompts are provided in the replication
kit related to inspection protocol.

The LLM-assisted inspection protocol receives a structured tex-
tual representation of each issue. The prompt defines architectural
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impact, provides positive and negative examples, and requests a
binary label plus a concise justification. The classification is not
used as an unverified oracle. For Cassandra, labels are compared
with manual inspection using Cohen’s Kappa, precision, recall, ac-
curacy, and F1-score. This design supports transparent, auditable
use of LLMs rather than replacing expert judgment. The full script
related to ispection protocol is available in this repository kit6.

3.6 Architectural-Impact Definition
An issue was labeled as having architectural impact when the issue
text indicated that its solution would affect system-level design. Ex-
amples include changes to storage engines, distributed coordination,
replication, messaging, scheduling, configuration infrastructure, se-
curity subsystems, stream-processing topology, broker behavior,
or core public abstractions. Issues were labeled as not having ar-
chitectural impact when they described localized bug fixes, test
adjustments, documentation changes, minor parameter corrections,
or isolated feature requests without evident structural implications.

This definition intentionally focuses on impact rather than sever-
ity. A low-priority issue may still be architectural if it modifies a
core abstraction. A high-priority issue may be non-architectural if
it involves a localized fix. Therefore, priority and type are used as
descriptive fields rather than classification rules.

4 The Architectural Impact Issues Dataset
We analyzed the four Apache Java repositories with long histo-
ries and industrial relevance. Table 1 summarizes the repository
characteristics used in the empirical study.

This section analyzes our dataset to assess the relationship be-
tween architecturally impactful issues and commits touching critical
classes. We summarize the study goal, research questions, Project
Profiles and Cassandra as detailed running example.

4.1 Goal and Research Questions
We applied the evaluation method to Apache ActiveMQ, Apache
Kafka, and Apache Hadoop (in addition to Cassandra) to measure
architectural impact around critical files. Our goal is:

Quantify the number and proportion of issues with architectural
impact associated with critical classes across four open-source Java
systems.

Based on issues linked to commits that modify critical classes,
we ask:

RQ1)What proportion of issues in each repository are classified
as impacting architectural design?

RQ2)Which classes are most frequently involved in architecturally
impactful issues?

Table 2 presents the collection pipeline from raw commits and
issues to inspected architectural-impact labels. The final dataset
contains 685 inspected issues: 226 from Cassandra, 179 from Kafka,
132 from ActiveMQ, and 148 from Hadoop.

4.2 Project Profiles
Apache Cassandra is a distributed database whose architecture-
impact issues often involve storage, replication, compaction, schemas,

6https://github.com/armandossrecife/inspectionprocessevaluation

Table 1: Analyzed repositories.

Property Cassandra (RP1) Kafka (RP2) ActiveMQ (RP3) Hadoop (RP4)

Files 4,998 5,648 5,174 14,970
LOC files 1,055,561 874,543 466,706 4,323,485
Java files 4,459 4,350 4,367 11,811
LOC Java files 680,827 649,612 417,291 1,889,967
Java comments 166,567 175,655 150,220 613,888
Commits 29,142 11,810 11,537 26,945
Issues 18,635 14,326 5,955 12,247
Releases 297 65 85 374
Lifespan (years) 14.53 12 14 14
Stars 8,200 26,100 2,200 13,900
Forks 3,500 13,000 1,400 8,600
Collaborators 426 1,062 130 552

Table 2: Dataset collection and inspected labels.

Description Cassandra Kafka ActiveMQ Hadoop Total

Extracted commits 29,230 11,732 7,941 26,906 75,809
Commits with critical classes 4,522 1,452 721 2,776 9,471
Extracted issues 18,635 14,326 5,955 12,247 51,163
Issues with critical classes 2,912 939 480 239 4,570
Issues inspected 226 179 132 148 685
Architectural impact 96 72 55 51 274
No architectural impact 130 107 77 97 411

SSTables, node operations, and messaging. Apache Kafka is a dis-
tributed event-streaming platform with issues related to consumers,
producers, stream processing, coordinators, fetchers, and task man-
agement. Apache ActiveMQ focuses on message brokering, with
issues involving queues, dispatching, broker services, connectors,
and persistence. Apache Hadoop covers distributed computing and
storage, with architectural concerns related to configuration, file
systems, data nodes, block management, schedulers, and protocols.

The diversity of these systems strengthens the empirical setting.
Although all projects are Java and Apache-based, their architec-
tural domains differ: distributed databases, streaming infrastructure,
messaging middleware, and distributed data processing/storage.
This allows us to observe whether the relationship between criti-
cal classes and architectural-impact issues appears across different
kinds of large infrastructure software. The full scripts related to
evaluate commits and issues the Apache Projects are available in
this repository7 and this repository8. The next subsection explain
more details related to each Apache Project evaluation.

4.2.1 Evaluating the ATDCodeAnalyzer across Apache Projects. For
Apache ActiveMQ, we filtered commits and issues, linked issues
referenced by commits that modify critical classes identified by
ATDCodeAnalyzer, and applied the semi-automatic LLM-assisted
inspection protocol. Representative critical classes include Demand-
ForwardingBridgeSupport.java, BrokerService.java, TransportConnec-
tor.java, Queue.java, and TopicSubscription.java. The resulting issues
were labeled as having or not having architectural impact.

For Apache Kafka, we applied the same pipeline by selecting com-
mits that touch critical classes, associating them with referenced is-
sues, and classifying architectural impact with LLM assistance. Rep-
resentative critical classes include KafkaConsumer.java, KafkaPro-
ducer.java, KafkaStreams.java, StreamThread.java, and Fetcher.java.

7https://github.com/Technical-Debt-Large-Scale/my_validation
8https://github.com/armandossrecife/IssuesRepositoriesApacheProjects
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Table 3: Selected Cassandra critical Java files and issue-
related metrics.

File AIC AICWI AII AIB AIII AINFI

StorageService.java 1317 1034 967 160 79 3
ColumnFamilyStore.java 1178 893 832 139 96 3
DatabaseDescriptor.java 854 697 659 90 62 4
StorageProxy.java 572 445 463 71 55 2
CompactionManager.java 668 506 406 72 47 5
Config.java 500 393 379 58 37 3
SSTableReader.java 457 399 352 47 48 1
MessagingService.java 328 241 288 50 31 1
NodeProbe.java 369 303 287 39 26 2
CassandraDaemon.java 386 316 235 28 34 5

For Apache Hadoop, we linked issues to commits that mod-
ify critical classes and inspected them using the same LLM-aided
classification protocol. Example critical classes include Configura-
tion.java, FSNamesystem.java, DataNode.java, BlockManager.java,
and CapacityScheduler.java. As in the other projects, the output
was a set of issues labeled according to the presence or absence of
architectural impact.

Summary. Across ActiveMQ, Kafka, and Hadoop, the dataset pre-
serves the trace from commits touching critical classes to linked
issue-tracker entries and assigns a consistent Yes/No architectural-
impact label to each inspected issue through a semi-automatic and
reproducible protocol. This supports the analysis of RQ1, by mea-
suring the proportion of architectural-impact issues per repository,
and RQ2, by identifying the classes most frequently involved in
such issues, while also enabling replication and extension in future
studies.

4.3 Cassandra as Detailed Running Example
Cassandra is used as the detailed running example because it pro-
vides a rich issue history and a sufficiently large linked population.
The Cassandra analysis (Figure 2) retained 4,522 commits touching
at least one critical class and linked them to 2,912 issues. Those
issues were then sampled and inspected. The critical classes with
high metrics include storage, compaction, configuration, messag-
ing, node management, and query-processing classes. These classes
are plausibly architecture-relevant because they embody central
responsibilities in Cassandra’s distributed database architecture.

Table 3 summarizes selected Cassandra critical classes and their
issue-relatedmetrics9. AIC denotes appearances in commits, AICWI
denotes appearances in commits with issues, AII denotes appear-
ances in issues, AIB denotes appearances in bugs, AIII denotes
appearances in improvement issues, and AINFI denotes appear-
ances in new-feature issues.

The metrics show that critical classes are not only frequently
changed; they are also frequently connected to issues. For instance,
StorageService.java appears in 1,034 commits with issues and
in 967 issue-related occurrences. ColumnFamilyStore.java shows
similarly high values and is later observed among the top classes
with architectural-impact issues. Such data motivates the deeper
inspection stage.

9https://github.com/Technical-Debt-Large-Scale/my_validation/blob/main/ccim.md

5 Results
This section reports the empirical results. We first present the agree-
ment between manual and LLM-assisted inspection in Cassandra.
We then answer RQ1 by reporting the proportion of architectural-
impact issues in each repository. Finally, we answer RQ2 by ana-
lyzing which classes are most frequently involved in architecture-
impact issues.

5.1 Manual and LLM-Assisted Agreement
For Apache Cassandra, we compared manual inspection against
LLM-assisted labels. Manual inspection labeled 76 of 226 issues
(33.63%) as architecturally impactful and 150 (66.37%) as not archi-
tecturally impactful. The LLM-assisted process labeled 96 issues
(42.48%) as yes and 130 (57.52%) as no. The agreement analysis
produced Cohen’s 𝜅 = 0.721, which is commonly interpreted as
substantial agreement [5, 10]. The classifier reached precision 0.926,
recall 0.833, accuracy 0.867, and F1-score 0.893. These results indi-
cate that the LLM-assisted protocol can reliably support inspection
while still requiring expert review for borderline cases.

We performed both manual and ChatGPT-assisted inspections
and computed Cohen’s Kappa to assess agreement. All scripts, data
and results are in the replication kit10.

Cohen’s Kappa was used to interpret the level of agreement be-
tween manual and LLM-assisted inspection. Following the adopted
interpretation scale, values below 0.00 indicate poor agreement,
0.00–0.20 slight agreement, 0.21–0.40 fair agreement, 0.41–0.60
moderate agreement, 0.61–0.80 substantial agreement, and 0.81–
1.00 almost perfect agreement. Since the obtained value falls within
the substantial range, the result suggests that the semi-automatic
process is consistent enough to support large-scale inspection when
combined with validation and quality-control mechanisms. How-
ever, this does not imply that the LLM labels are perfect, but rather
that they can provide reliable first-pass classifications under the
defined protocol.

A qualitative inspection of disagreements suggests that bound-
ary cases often involve issue reports with mixed concerns. Some
issues mention design elements but resolve with localized patches.
Others describe implementation symptoms while requiring deeper
design changes. These cases are precisely where a human-in-the-
loop process is valuable: the LLM can provide an initial label and
explanation, but researchers or maintainers can review cases with
low confidence or high impact.

5.2 RQ1: Proportion of Architectural-Impact
Issues

Figure 4 shows the proportion of inspected issues with and without
architectural impact for each repository. Among issues linked to
commits that modify critical classes, the proportion of architectural-
impact issues ranges from 34.5% in Hadoop to 42.5% in Cassandra.
Kafka and ActiveMQ show similar proportions, with 40.2% and
41.7%, respectively.

The results suggest that a substantial fraction of issues connected
to critical classes involve architectural concerns. This supports
the hypothesis that critical classes identified by ATDCodeAnalyzer

10https://github.com/Technical-Debt-Large-Scale/my_validation/blob/main/mllm.md
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Figure 4: Percentage of inspected issues with and without
architectural impact in commits that touch critical classes.

represent architectural hotspots that deserve additional inspection
and prioritization. The results are also practically relevant: if a
maintainer wants to prioritize a limited inspection budget, commits
touching critical classes provide a focused entry point where the
probability of finding architecture-relevant issues is high.

5.3 Resolution Effort and Temporal Patterns
Issues with architectural impact tend to demand more design rea-
soning, coordination, and regression analysis than local bug fixes.
In the analyzed data, issues linked to critical classes frequently
require longer resolution time11 than issues not associated with
architectural impact. Temporal trends also indicate that commits
touching critical classes decrease over time in some projects, while
architecture-impact issues present project-specific peaks. Such peaks
can correspond to releases, feature introduction, refactoring cycles,
or architectural stabilization periods.

Issues with architectural impact also take longer to resolve than
those not involving critical classes (Figure 5). Over time, commits
involving critical classes tend to decrease, while issues with archi-
tectural impact exhibit distinct temporal patterns. These graphics
are available in result section of the main replication kit12.

This pattern is consistentwith the interpretation that architecture-
impact issues represent more than ordinary churn. When a class
lies at the center of storage, messaging, scheduling, or configu-
ration behavior, changes to that class can require compatibility
considerations, data-migration reasoning, concurrency analysis,
distributed-system testing, and coordination among maintainers.
Consequently, issue-resolution time becomes an indirect indicator
of architectural complexity, even though it should not be used as a
definitive measure on its own.

5.4 RQ2: Classes Most Involved in
Architectural-Impact Issues

Table 4 reports representative top classes with more architectural-
impact issues. In Cassandra, several top classes are critical classes,

11Resolution time is the difference in days between the ‘created‘ and ‘resolutiondate‘
fields from Apache JIRA metadata. Only issues with status *Resolved* or *Closed* and
a populated ‘resolutiondate‘ were included.
12https://github.com/Technical-Debt-Large-Scale/my_validation

Figure 5: Boxplot of issue resolution time for issues related
to architectural impact.

includingColumnFamilyStore.java, StorageService.java,DatabaseDescrip-
tor.java, SSTableReader.java, and CompactionManager.java. Similar
patterns appear in Kafka, ActiveMQ, and Hadoop, where critical
classes related to stream processing, queue management, config-
uration, and distributed-storage coordination appear among the
most frequent architecture-impact locations.

Some highly frequent files are not marked as critical, especially
test classes or broadmetadata files. This is expected: issue frequency
alone does not imply ATD. The relevant observation is that many
critical classes appear among the top architecture-impact classes,
indicating that ATDCodeAnalyzer identifies files that are both his-
torically change-prone and semantically connected to architectural
discussions.

5.5 Issue-Type, Status, and Priority Analysis
The original dataset records issue type, status, and priority as con-
textual variables for interpreting architectural impact, but these
fields are not used as deterministic classification rules. Architec-
tural concerns may appear as bugs, improvements, tasks, or new
features, and their distribution helps characterize each project’s
maintenance profile. In Cassandra, for example, many issues linked
to commits touching critical classes are improvements, suggesting
that architectural pressure is not limited to bug fixing but also in-
volves refactoring, API evolution, storage-engine adjustments, and
changes in distributed behavior.

Bug and new-feature issues also require semantic inspection.
Architecture-impact bugs may expose design fragility in replica-
tion, compaction, stream scheduling, broker dispatching, or block
management, while new features may be architectural when they
extend subsystems, introduce integration points, or affect config-
uration, communication, or storage behavior. Conversely, issues
of the same type may be non-architectural when they describe
localized fixes or narrow interface changes. The issue type alone
does not determine whether a change has architectural impact. You
can see more details about each field Table 5.
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5.6 Interpretive Examples of Architectural
Impact

Although the inspection protocol operates at scale, the resulting
labels are grounded in recurring qualitative patterns. Issues labeled
as architectural typically mention changes to core behavior, compo-
nent interactions, distributed coordination, data layout, scheduling
mechanisms, security infrastructure, or configuration semantics.
They often require maintainers to reason about backward com-
patibility, failure modes, concurrency, performance, or migration.
For example, changes around Cassandra storage services can af-
fect node behavior and data consistency. Changes around Kafka
stream threads can affect execution lifecycle and fault handling.
Changes around ActiveMQ queues can affect dispatch policies and
persistence semantics. Changes around Hadoop configuration and
block management can affect distributed execution and storage
guarantees.

Issues labeled as non-architectural usually describe localized
fixes, tests, documentation, small usability improvements, or iso-
lated behavior changes. These issues may still be important, but
they do not substantially alter module responsibilities or system-
level design. The distinction is not always obvious: a test failure
may indicate a deep architectural problem, while a class with an ar-
chitectural name may be changed for a local reason. This reinforces
the importance of reading the issue content rather than relying
only on file names or issue metadata.

The LLM-assisted process helps by applying a consistent deci-
sion criterion across hundreds of issues. Human inspectors can then
focus on validating difficult cases, analyzing patterns, and interpret-
ing the results. In this sense, the LLM acts as a scaling mechanism
for qualitative inspection. It does not eliminate the need for em-
pirical rigor; instead, it requires additional rigor in prompt design,
output storage, validation, and threat analysis.

5.7 Detailed Class-Level Findings
The class-level results provide a more concrete view of why crit-
ical classes are useful indicators for architectural inspection. Ta-
ble 4 expands the representative class analysis by listing the top
architecture-impact classes for each repository. The table preserves
themain pattern observed in the original study: many of the highest-
ranked classes are exactly those identified as critical byATDCodeAn-
alyzer, while non-critical entries are often test harnesses, metadata
files, or utility classes that appear frequently because they support
broad validation activities.

In Cassandra, architecture-impact issues concentrate on storage
and compaction responsibilities. ColumnFamilyStore.java, Storage-
Service.java, DatabaseDescriptor.java, and SSTableReader.java are
connected to persistence, configuration, and distributed operation
mechanisms. In Kafka, StreamThread.java, Fetcher.java, StreamTask.
java, and KafkaConsumer.java represent execution and consump-
tion mechanisms that affect the stream-processing architecture. Ac-
tiveMQ shows a broker-oriented profile, withQueue.java,QueueDis-
patchSelector.java, and BrokerService.java. Hadoop exhibits a broader
infrastructure profile, with Configuration.java, Writable.java, Block-
Manager.java, and CapacityScheduler.java.

These observations are relevant for architecture governance
because they indicate where maintainers should look first when

Table 4: Expanded examples of classes involved in
architectural-impact issues.

Project Class Issues Critical

Cassandra ColumnFamilyStore.java 20 Yes
Cassandra StorageService.java 14 Yes
Cassandra DatabaseDescriptor.java 11 Yes
Cassandra SSTableReader.java 11 Yes
Cassandra CompactionManager.java 10 Yes
Kafka StreamThread.java 14 Yes
Kafka Fetcher.java 11 Yes
Kafka StreamTask.java 10 Yes
Kafka KStreamImpl.java 10 Yes
Kafka KafkaConsumer.java 9 Yes
ActiveMQ Queue.java 12 Yes
ActiveMQ QueueDispatchSelector.java 5 Yes
ActiveMQ BrokerService.java 5 Yes
ActiveMQ QueueBrowserSubscription.java 3 Yes
ActiveMQ TransportConnector.java 3 Yes
Hadoop Configuration.java 15 Yes
Hadoop Writable.java 9 Yes
Hadoop BlockManager.java 7 Yes
Hadoop ClientProtocol.java 7 Yes
Hadoop CapacityScheduler.java 5 Yes

issue backlogs are large. A class that is both critical according to
historical/smell metrics and repeatedly involved in architecture-
impact issues is a strong candidate for deeper design review. The
LLM-assisted labels do not remove the need for expert judgment,
but they help reduce the search space by organizing issue evidence
around architectural hotspots.

In Cassandra, the strongest signals are concentrated in stor-
age, compaction, and configuration classes. This is coherent with
Cassandra’s architecture: storage and replication behavior influ-
ence performance, consistency, data layout, repair, compaction, and
node operations. In Kafka, classes such as StreamThread.java,
Fetcher.java, StreamTask.java, ConsumerCoordinator.java,
and KafkaConsumer.java connect issue discussions to streaming
execution, consumption, coordination, and task management. In
ActiveMQ, queue and broker-service classes are central to mes-
sage dispatching and broker behavior. In Hadoop, configuration,
writable abstractions, block management, client protocols, node
management, and scheduling appear as relevant architectural loci.

The cross-project consistency is important. The particular class
names differ, but the pattern remains: classes that implement central
architectural mechanisms are more likely to accumulate issues
whose resolution affects architecture. This reinforces the value of
combining automated hotspot detection with issue-level semantic
inspection.

6 Discussion
The results support three main interpretations. First, critical classes
identified from historical and architectural-smell indicators are
useful entry points for architecture-aware maintenance. The fact
that between one-third and nearly half of inspected linked issues
exhibit architectural impact suggests that the approach captures
more than local churn. Such proportions are high enough to justify
focused inspection and low enough to show that the method is
not trivially labeling everything as architectural. This balance is
important for practical usefulness.

Second, LLM-assisted inspection is promising for scaling issue-
tracker analysis. The substantial agreement observed in Cassandra
indicates that LLMs can help classify architecture-related issue
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reports and produce useful justifications. Nevertheless, the role of
the LLM should be framed as inspection assistance, not automatic
ground truth. Expert review remains important for ambiguous
issues, domain-specific terminology, and cases where architectural
impact depends on implicit project knowledge.

Third, combining issue trackers with repository history improves
ATD observability. Static analysis and smell detection identify struc-
tural symptoms, while issues and commits provide developer in-
tent and maintenance context. This combination helps maintainers
prioritize files that are not only structurally problematic but also
repeatedly involved in architecture-relevant evolution. In practice,
maintainers could use this pipeline to identify candidate classes
for architectural review before major releases, during refactoring
planning, or when triaging long-standing issue backlogs.

6.1 Implications for Researchers and
Practitioners

For researchers, this study provides a protocol for connecting ATD
detection with issue-tracker evidence. Instead of evaluating ATD
tools only through static smells or expert labels, researchers can ex-
amine whether detected hotspots are associated with architecture-
impact issue discussions, creating a richer validation setting. The
study also illustrates a controlled use of LLMs in empirical software
engineering by relying on explicit definitions, stored prompts, tex-
tual justifications, and comparison with manual inspection. These
results open directions for future work on prompt sensitivity, cross-
domain replication, open-weight LLMs, active-learning workflows,
and the integration of issue-level labels with code metrics for
architecture-impact prediction.

For practitioners, the proposed pipeline can support architecture
governance and technical-debt prioritization. By focusing on com-
mits that touch critical classes and applying LLM-assisted triage, de-
velopment teams can identify issues that are more likely to require
architectural attention without manually inspecting large issue
backlogs. The approach can also enrich technical-debt dashboards
by highlighting classes that are both structurally critical and seman-
tically connected to architecture-impact discussions. Since issue
trackers preserve fragments of architectural rationale, LLM-assisted
summarization and classification can help recover this knowledge,
provided that final decisions remain part of a human-in-the-loop
engineering workflow.

The empirical pipeline can be translated into a practical main-
tenance workflow in which repositories are periodically mined to
update critical-class metrics, recent commits touching those classes
are linked to issue-tracker entries, and issue texts are inspected
with the LLM-assisted classifier. Maintainers can then review the re-
sulting list of architecture-impact issues in relation to release plans,
refactoring initiatives, and operational incidents, deciding whether
critical classes require refactoring, additional documentation, own-
ership assignment, architectural decision records, or continued
monitoring. This workflow is useful because architectural debt is
rarely visible from a single indicator: by connecting quantitative
repository evidence with qualitative issue evidence, the approach
helps teams distinguish ordinary churn from architectural pressure
and make more informed technical-debt management decisions.

Table 5: Structured fields used in the LLM-assisted issue in-
spection.

Field Purpose in inspection

Issue key Preserves traceability to the issue tracker
Issue type Provides context such as bug, improvement, or task
Status and priority Describe process state and reported importance
Summary Gives a compact description of the requested change
Description Provides the main technical evidence for classification
Comments Capture design discussion and maintainer rationale
SATD signals Highlight explicit debt-related vocabulary
LLM label Stores the architectural-impact decision
Justification Explains why the issue was labeled Yes or No

6.2 Interpretation of LLM Reliability
The agreement result should be interpreted carefully: a Cohen’s
Kappa of 0.721 indicates substantial agreement in the Cassandra
sample, but not universal reliability across projects, models, or
prompt settings. LLMoutputsmay varywithmodel updates, prompt
design, issue length, missing context, and domain-specific terminol-
ogy. Nevertheless, the strong precision and F1-score (0.893) suggest
that, under the defined protocol, the LLM-assisted inspector can
reduce repetitive work and provide useful first-pass labels. There-
fore, LLM labels should be used as a triage layer rather than as
ground truth: high-confidence positive cases can be reviewed first
by architecture maintainers, while disagreements or uncertain cases
should be routed to experts. The stored justifications help reviewers
understand each decision, preserve accountability, and support the
incremental refinement of prompts, examples, and definitions.

6.3 Prompt Schema and Inspection Output
The inspection prompt13 was designed to make the LLM operate
as a structured classifier rather than as a free-form evaluator. Each
input file represented one issue and included the issue identifier,
type, status, priority, summary, description, and comments. The
prompt defined architectural impact, provided positive and negative
examples, and requested a two-field output: a binary label and a
justification. This structure enabled both quantitative analysis and
qualitative review, since the binary label supported agreement and
classification metrics, while the justification allowed researchers to
audit the rationale behind each decision. In practice, the schema
supports a human-in-the-loop workflow in which researchers can
sort issues by label, inspect explanations, prioritize disagreements
or high-risk cases, and reuse the protocol with different LLMs
because it does not depend on provider-specific features.

7 Related Work
Technical debt research has produced systematic mappings and
management frameworks that distinguish debt types, causes, and
consequences [9, 12]. SATD studies introduced keyword-based ex-
ploration [20], taxonomy and quantification of debt types [14], and
NLP-based automatic detection [11, 15]. Our work differs by using
SATD as one evidence stream within a broader architecture-impact
inspection pipeline.

ATD research focuses on identifying and managing architecture-
level debt through design decisions, smell detection, modularity

13https://github.com/armandossrecife/inspectionprocessevaluation/blob/main/ip.md
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indicators, and architectural debt indices [2, 13, 23, 24]. Architec-
tural smells such as cyclic dependencies and unstable dependencies
provide structural signals, while evolution patterns reveal how
architectural degradation changes over time [7]. ATDCodeAna-
lyzer contributes to this line by using repository evolution and
architectural-smell evidence to identify critical files [22]. Our paper
extends this perspective by validating the architectural relevance
of such files through issue-tracker inspection.

Mining issue trackers has long supported bug triage, dependency
analysis, and maintenance analytics [1, 18, 21]. Issue trackers are
attractive because they connect user-visible problems, developer
discussions, priorities, and implementation traces. However, their
unstructured text creates scalability challenges. Our study addresses
this challenge by combining structured extraction, representative
sampling, and LLM-assisted classification.

More recently, LLMs have enabled new forms of software arti-
fact analysis, including code understanding and generation [4, 8,
25]. Prior work on code-oriented LLM evaluation shows both the
promise and limitations of these models. Our contribution is to
operationalize LLMs as assistants for architectural-impact labeling
with agreement analysis and artifact-oriented traceability. The fo-
cus is not on replacing static analysis or human expertise, but on
combining repository mining, architecture-aware definitions, and
LLM-supported inspection.

Our study connects critical-class detection with commit–issue
traceability and validates an LLM-assisted protocol for inspecting
architectural impact, integrating the techniques aforementioned.

8 Threats to Validity
Although the study provides evidence about the relationship among
critical classes and architecture-impact issues, several threats must
be considered. Construct validity is affected by the fact that criti-
cal classes are identified through metrics and architectural-smell
evidence, which may not capture all architectural problems, while
SATD keywords may miss implicit debt or detect non-debt com-
ments. In addition, the architectural-impact label depends on the op-
erational definition adopted in the inspection protocol. To mitigate
this threat, the prompt includes explicit definitions and examples,
and the Cassandra labels are compared against manual inspection.

Internal validity concerns the issue-to-commit linkage and
the LLM-assisted labeling process. The linkage depends on issue
references in commit messages and project conventions, so miss-
ing or inconsistent references may affect the analyzed issue set.
LLM outputs may also vary across model versions, prompts, and
decoding parameters. We mitigate these risks by using structured
prompts, storing justifications, and comparing LLM-assisted labels
with manual inspection for Cassandra; however, future replications
should record exact model versions and inference settings.

External validity is limited because the study analyzes four
open-source Apache Java infrastructure systems with mature issue
trackers. Results may differ in proprietary systems, smaller projects,
other programming languages, mobile or web applications, embed-
ded systems, or organizations with weaker traceability practices.
Therefore, future work should replicate the protocol across addi-
tional ecosystems and industrial datasets.

Conclusion validity is related to the interpretation of the re-
ported proportions, correlations, and agreement metrics. Although
the results indicate strong patterns, they should not be interpreted
as causal evidence that critical classes cause architecture-impact
issues. Instead, the findings support an association useful for prior-
itization and inspection. Since only samples were inspected, larger
replications and additional statistical models could further strengthen
the conclusions.

LLM-specific validity concerns the possibility that LLMs may
hallucinate justifications, overfit to examples, or infer architectural
impact from superficial keywords. The study reduces this risk by
requiring labels to be grounded in issue content and by validating
the protocol against manual inspection. Nevertheless, LLM outputs
should be treated as empirical artifacts subject to validation rather
than authoritative truth, and future work should compare multiple
LLMs and prompt variants.

9 Conclusions
This paper presented an empirical study on software architecture
and issue inspection supported by LLMs. By combining ATDCode-
Analyzer, issue-tracker mining, SATD signals, and LLM-assisted
labels, we analyzed whether issues linked to commits touching crit-
ical classes exhibit architectural impact. Across four Apache Java
systems, 34.5% to 42.5% of inspected issues associated with critical
classes were classified as architecturally impactful. In Cassandra,
the LLM-assisted inspection achieved substantial agreement with
manual inspection (𝜅 = 0.721), with high precision (0.926) and
F1-score (0.893).

The findings indicate that LLM-assisted issue inspection can help
software-maintenance teams identify architecture-relevant issues
at scale, while maintaining traceability through structured inputs,
explicit labels, and justifications. Critical classes identified through
repository evolution and architectural-smell evidence frequently ap-
pear among the classes most involved in architecture-impact issues.
This supports the interpretation that combining static/evolutionary
signals with issue-tracker semantics provides a stronger basis for
ATD analysis than either source alone.

Future work should evaluate additional LLMs, compare prompt-
ing strategies, extend the protocol to non-Java systems, and investi-
gate human-in-the-loop workflows for architectural debt prioritiza-
tion. Another important direction is to integrate the approach into
continuous software-engineering dashboards that warn maintain-
ers when issue discussions, SATD signals, and critical-class changes
converge around the same architectural components.

Artifact Availability
We provide a replication kit14 containing the dataset, evaluation
protocol, data-analysis scripts, result-generation scripts, and the
prompts used in the study. The LLM-assisted inspection protocol
was implemented using ChatGPT (3.5) with structured prompts,
recorded responses, and a general set of question–answer interac-
tions. Representative input/output examples are also included in the
repository15 to support transparency, auditability, and replication.

14https://github.com/Technical-Debt-Large-Scale/my_validation
15https://github.com/armandossrecife/inspectionprocessevaluation

https://github.com/Technical-Debt-Large-Scale/my_validation
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