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Abstract
Branching models coordinate how software changes are isolated, in-
tegrated, validated, and promoted. In machine learning (ML)-based
systems, they also mediate coordination across source code, data,
models, experiments, and heterogeneous roles. Yet branching is
typically analyzed as a technical configuration-management mech-
anism, leaving unclear whether its repository traces can reveal
sociotechnical dysfunction. We report an exploratory single-case
study of an early-stage ML project developing a system to extract
structured information from judicial health-litigation documents.
We analyzed five repositories and survey responses from all three
members of the AI team, triangulating the branching model pre-
scribed to the team, practitioners’ perceptions, and enacted reposi-
tory practices. Thematic analysis and repository mining revealed re-
current misalignments in issue traceability, pull-request discussion,
experiment evaluation, and integration practices. These misalign-
ments provided indicators consistent with the community smells
Black Cloud, Sharing Villainy, and Cookbook Development; LoneWolf
emerged only from perception data and was not corroborated by
repository evidence. We do not claim that branching practices cause
or automatically detect community smells. Instead, our findings
suggest that branching-model evidence can provide a low-cost so-
ciotechnical proxy for locating coordination risks that merit further
investigation. We derive implications for MLOps governance and
identify conditions that future multi-team studies should evaluate.

Keywords
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1 Introduction
Branching models specify how software changes are isolated, inte-
grated, validated, and promoted across development, testing, and
production environments [7, 14]. Although commonly presented
as technical configuration-management mechanisms, these mod-
els also define coordination boundaries: who may contribute to
a branch, when work becomes available to others, which checks
precede integration, and how responsibility for a change is trans-
ferred [18, 23, 28]. Prior studies associate branch structures and

such policies with integration delays, merge conflicts, organiza-
tional alignment, and software-quality outcomes [6, 7, 23, 28]. Con-
sequently, a prescribed branching model expresses how a team
intends to coordinate its work, whereas its enacted use provides a
repository-level record of how such coordination occurs.

This distinction becomes particularly relevant in machine
learning-based software systems. In addition to source code, ma-
chine learning (ML) teams coordinate datasets, trained models,
experiments, metrics, scripts, configuration files, and deployment
artifacts [13]. These artifacts evolve at different rhythms and are
commonly produced by professionals with different backgrounds,
including software engineers, data engineers, and artificial in-
telligence (AI) engineers. Previous research reports recurring
challenges involving versioning, reproducibility, documentation,
handoffs, and collaboration across these roles [3, 5, 15, 17, 21, 22].
In this setting, a branching model can operate as part of the gover-
nance structure through which a team communicates integration
readiness, records experimental decisions, and aligns contributions
across technical roles.

Software engineering research has also shown that collaboration
problems leave observable traces in development artifacts [1, 27].
Community smells describe recurring patterns of inadequate or-
ganization, communication, and coordination that may contribute
to the accumulation of social debt [10, 26, 27]. Existing studies
have investigated such smells through communication networks,
issue trackers, commit histories, code comments, and practitioners’
perceptions [4, 12, 27]. However, it remains unclear whether differ-
ences between how branching practices are prescribed, understood,
and enacted can provide indirect evidence of conditions associated
with community smells. We refer to such evidence as a proxy: it
may locate sociotechnical conditions that merit investigation, but
does not establish the presence or causes of a community smell or
replace an investigation with the affected team.

We investigate this possibility through an exploratory single-
case study of an early-stage ML-based software project conducted
within a public innovation initiative. The project aimed to develop
a system for extracting structured information from judicial health-
litigation documents. We focus on its three-member AI team and
analyze five repositories supporting the ML component. In the
initial sprints, the research program and the project’s leadership
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prescribed a branching model to all teams. Our analytical mecha-
nism contrasts three views of this model: the model as prescribed,
the practices reported and understood by team members, and the
practices evidenced by branches, commits, issues, and pull requests
(PRs). Survey responses were examined through thematic analysis
and subsequently contrasted with repository-mining evidence.

Our findings show recurrent misalignments concerning issue
traceability, pull-request discussions, experiment evaluation, peer
review, and branch integration. Evidence from both practitioners’
perceptions and repository practices provided indicators consis-
tent with Black Cloud and Sharing Villainy; Cookbook Development
was more directly supported by the comparison between the pre-
scribed process and its continued non-adoption, whereas Lone Wolf
emerged only from perception data. These findings do not imply
causality, but show how inconsistencies among prescribed, per-
ceived, and enacted practices can make coordination risks visible.
Accordingly, this paper provides an exploratory empirical account
of branching-model evidence as a sociotechnical proxy, charac-
terizes misalignment among these three views as the mechanism
through which community-smell indicators become observable,
and derives implications for machine learning operations (MLOps)
governance. Given the single-case design, the contributions sup-
port analytical rather than statistical generalization and motivate
broader multi-team studies.

2 Related Work
Prior research has formalized community smells [26] and inves-
tigated them through communication networks, version-control
histories, issue assignments, open-source code samples, code com-
ments, and practitioners’ perceptions [1, 4, 9, 10, 12, 27]. This work
follows the broader premise that software artifacts reflect how de-
velopment activities are coordinated, as expressed by sociotechnical
congruence [11]. Although such artifacts cannot fully represent
team relationships, they provide non-intrusive evidence that can
complement direct investigation with practitioners. A multivocal
review of code samples in open-source ecosystems reinforces this
premise: the condition of even auxiliary artifacts acts as a proxy for
project health, with community smells often preceding or reinforc-
ing technical degradation [9]. This study draws on four cataloged
smells: Black Cloud (absence of structured communication), Sharing
Villainy (knowledge not shared in forms the community retains),
Lone Wolf (unilateral action disregarding peers), and Cookbook
Development (attachment to routines, resisting adaptation) [10, 26].

Branching models similarly combine technical and organiza-
tional decisions. Prior studies associate branch structures with
integration delays, merge conflicts, organizational alignment, and
software-quality outcomes [6, 23]. Branches have also been con-
ceptualized as goals pursued by virtual teams [7]. Other studies ex-
amine how branching choices depend on project context, influence
integration at scale, and interact with human and technical aspects
of merge work [14, 18, 28]. This literature establishes branching as
a sociotechnical artifact, but primarily investigates integration and
quality outcomes rather than community-smell indicators.

This perspective is especially relevant in ML-based systems,
whose artifacts extend beyond source code. Studies report diffi-
culties in versioning and reproducing these artifacts, despite their

perceived importance [5, 22]. Heterogeneous and overlapping roles
may also produce unclear responsibilities, limited documentation,
and problematic handoffs between experimental and production
work [3, 15, 17]. Recent research examines repository maturity and
community smells in ML projects [4, 12, 16], process smells in indus-
try [2], and the sociotechnical emergence of testing practices [25].

Overall, prior research establishes that community smells leave
traces in development artifacts, branching models encode coor-
dination decisions, and ML teams face distinctive configuration-
management challenges. However, the intersection of these areas
remains underexplored. In particular, previous studies have not ex-
plicitly examined whether misalignment among prescribed branch-
ing policies, practitioners’ perceptions, and enacted repository prac-
tices can indicate named community smells. We address this in-
tersection by analyzing branches, commits, issues, pull requests,
and expected but absent integration records. Rather than proposing
an automated detector, we investigate whether branching-model
evidence can serve as a low-cost sociotechnical proxy for locating
coordination conditions that merit examination.

3 Case Study Design
We conducted an exploratory case study following the guidelines
proposed by Runeson and Höst [20]. This design enabled us to in-
vestigate branching practices and their sociotechnical implications
within a contemporary ML-development project and its real-world
organizational context. Because the study examines one project
and one development team, its purpose is analytical exploration
rather than statistical generalization.

3.1 Case and Unit of Analysis
The case is an early-stage project developing an ML-based system
to extract structured information from judicial health-litigation
documents. The project followed a Scrum-based process and in-
volved 21 professionals across requirements engineering, front-end,
back-end, data, and AI teams.

The unit of analysis is the AI team’s use and understanding of
the branching model across the five repositories supporting the ML
component. The team comprised three practitioners with different
levels of software-development and AI experience (Section 3.4.3).

3.2 Rationale
Versioning and integrating the heterogeneous artifacts of ML-based
systems are recurring MLOps challenges [13], while poor configu-
ration management may contribute to technical debt and limited
reproducibility [21]. We focus on branching models because they
define how contributions are isolated, reviewed, integrated, and
promoted. Therefore, gaps between prescribed policies and enacted
use may provide observable evidence of coordination problems.

Branching-related evidence is already available in software repos-
itories and can be analyzed without introducing additional moni-
toring mechanisms. In this study, we contrast practitioners’ reports
with branches, commits, issues, and PRs to examine whether mis-
alignments indicate conditions associated with community smells.
We do not assess whether the prescribed model is intrinsically
appropriate or claim that repository evidence confirms a smell.
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3.3 Research Questions and Goal
This study evaluates branching-model evidence as a proxy for com-
munity smells in an ML-based software project. To identify so-
ciotechnical dysfunction, we analyze, from the viewpoint of re-
searchers and practitioners, the team’s usage, shared perceptions,
and agreements around branch structure and integration policies.

RQ1: To what extent do the perceptions and shared un-
derstanding of team members around the branching model
reveal the presence of community smells? This question probes
the perception side of the lens: whether the members’ shared under-
standing is, by itself, informative about community smells. Metric
1.1: Community smells identified from team members’ perceptions.
Metric 1.2: Degree of consensus and divergence among members
regarding branching-model integration policies.

RQ2: To what extent does the comparison between the ac-
tual use of the branching model and the reported use by the
team members indicate the presence of community smells?
This question probes the material side: whether the repository
record corroborates or contradicts what the members report. Met-
ric 2.1: Degree of alignment between the team’s perceived branch-
ing policies and the actual use of branching-model integration
policies on workflow artifacts (issues and PRs).

3.4 Data Collection & Execution
3.4.1 Artifacts. Two online forms supported the study. The first
collected self-reported demographic data on the participants’ pro-
fessional background. The second, a survey form, was designed to
gather qualitative data on participants’ perceptions and understand-
ing of the branching model, their current roles, and how they report
its actual use. This form comprised 16 questions, combining closed-
ended questions (a yes/no question and five-point Likert-type scales,
from never to always) with open-ended questions eliciting the ra-
tionale behind each reported practice. The questions covered roles
and tooling, the repository strategy, issue-based change manage-
ment, evaluation metrics and policies in PRs, the registration of
experiment discussions, and anticipated changes to configuration-
management activities. Both forms were reviewed internally by
the authors against the metrics they were intended to inform, but
were not piloted with respondents before administration (Section 4).
All relevant artifacts used in this study are publicly available, as
described in the Artifact Availability section.

3.4.2 Mining Software Repositories (MSR). We established an MSR
protocol designed to gather qualitative and quantitative data from
GitHub repositories maintained by the AI team. The protocol was
structured to extract all available data regarding branches, commits,
issues, PRs, and documentation. The collected data were persisted
in a local database (SQLite). Subsequently, the data underwent a
transformation stage, generating a report with an intuitive visu-
alization for further quantitative analysis – containing data such
as commit, branch, issue, and PR counts, in addition to indicators
such as the rates of PRs with comments and of PRs merged without
peer review – and a human-readable file containing the extracted
textual content in an organized format. We used Claude Opus 4.8
under supervision to implement the collection and report gener-
ation scripts and document the MSR process in a protocol, using
PyDriller [24] and PyGithub. We also ran csDetector [1] on the

five repositories. Its detection models are trained by its authors on
substantially larger open-source projects, and on our five industrial
repositories the tool reported near-uniform detections despite their
very different sizes, which manual inspection of the artifacts did
not corroborate; we therefore did not rely on its output. For confi-
dentiality reasons, the analyzed data cannot be publicly shared; the
collection scripts, the MSR protocol, and the survey instruments
are included in the replication package.

3.4.3 Participant Selection. To strengthen the reliability of the
collected perceptions of the prescribed branching model, given the
naturally small population, all members of theAI teamwere selected
as participants in the study. Each participant was anonymized and
identified as PX, where X represents a randomly assigned number.

Table 1 summarizes the participants’ self-reported experience in
software development and in AI projects, the latter on a five-point
Likert-type scale from no experience to advanced experience. By
the eighth sprint, P1, P2, and P3 identified as developers and AI
researchers, conducting experiments with diverse AI techniques to
construct the ML component, while P2 served as the technical lead.

Table 1: Participants’ experience profile

P Software Development AI Development

P1 University projects only No experience
P2 > 5 years Good experience (3.5 years)
P3 < 2 years Good experience (3.3 years)

3.4.4 Study Execution. The analyzed project was organized into
three-week sprints; the study’s main data collection took place in
the eighth. In the initial sprints, all teams had been introduced
to the prescribed branching model, adapted from Gitflow (main,
staging, developer): feature or experimental branches merged
into developer, which was promoted to staging and then main.
Teams defined and documented their branch-integration rules and
could adapt the model when changes were justified, discussed, and
recorded. The initial model presented example processes for branch
integration, requiring only that the team use PRs and issues to doc-
ument change management. Teams defined the evaluation criteria
for each change request, while the model suggested increasingly
strict severity levels as changes neared the main branch.

The two forms (Section 3.4.1) were administered at different
points: the demographic form, during the first sprint, gathered par-
ticipants’ experience and roles, while the survey form, administered
during the eighth sprint, assessed their perceptions of the branching-
model integration policies and updated their role information. As
P2 joined the team after the first sprint, the corresponding demo-
graphic form was completed only at the end of the study execution.
The perception responses were first submitted to thematic analy-
sis (Section 3.4.5). We mined the five ML repositories across eight
sprints (Section 3.4.2) and contrasted each participant’s reported
practices with commits, branches, PRs, and issues.

3.4.5 Data Analysis. To analyze the survey responses, this study
used a thematic analysis approach, following the recommendations
of Braun and Clarke [8], to identify interrelated themes relevant to
the research questions.

To extract codes from the survey responses, inductive analysis
iterations were conducted for each question. Three researchers
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independently analyzed the answers, extracting relevant codes
from text segments (quotations). To mitigate potential bias aris-
ing from shared coding preferences, they were instructed not to
discuss or align their coding strategies during this phase, thereby
preserving diverse individual perspectives. Still individually, each
researcher then grouped the emerging codes into constructs of pro-
gressively higher abstraction. This grouping combined an inductive
movement, deriving groupings from the data, with a deductive one,
verifying whether the resulting constructs could be linked to com-
munity smells. The deductive step followed a shared glossary of
smells compiled from the systematic review by Caballero-Espinosa
et al. [10], consistent with the original formulation of community
smells [26] and with their investigation in ML-based systems [4].
The linking of groupings to smells was interpretive, emerging from
the researchers’ analysis of the coded patterns in light of the glos-
sary definitions. Every grouping link between a lower- and a higher-
abstraction construct was justified with a recorded reasoning, en-
abling verification by peers.

After the individual phase, the researchers convened to recon-
cile their codes and groupings. Similar outputs were merged and
divergent ones re-examined against the recorded quotations and
justifications until consensus, producing a shared synthesis, retain-
ing the quotations associated with each code.

The analysis of repository evidence was conducted inductively,
using each survey question and the practitioners’ answers to it as
context. The questions were partitioned into three disjoint sets,
each assigned to one researcher. For each question, the researcher
independently examined the mined artifacts to determine: what
could be concluded about the team’s branching practice strictly
from the material evidence; whether each participant’s reported
practice aligned with that evidence; and where a misalignment was
identified and justifiable, whether the evidence supported indicat-
ing the presence of specific community smells, and which. The
researchers recorded the artifacts underlying each conclusion and
the justification for each smell indication.

After individual analysis, the three researchers met to review all
questions. They examined the recorded artifacts and justifications
and debated the interpretations. The resulting synthesis expressed
the group’s view on the degree of alignment between the practition-
ers’ reported practice and the branching policies evidenced in the
repository. Where misalignments were substantiated, the synthesis
also recorded community smells indicated as potential sources of
the observed dissonance between reported and evidenced practice.

3.5 Results and Discussion
3.5.1 RQ1: To what extent do the perceptions and shared under-
standing of team members around the branching model reveal the
presence of community smells?

RQ1 Summary

The practitioners’ perceptions provided indicators consistent with four community
smells: Black Cloud, Sharing Villainy, and, more tentatively, Lone Wolf and
Cookbook Development (Metric 1.1). The strongest signal was the limited shared
understanding of branching and integration practices: participants agreed on
surface-level aspects of the process but reported different rationales, policies, and
evaluation practices (Metric 1.2).

The independent coding rounds produced 165 codes, of which
109 were retained after reconciliation. The resulting synthesis was
dominated by themes describing divergence among participants
rather than consistently shared practices.

The strongest theme, divergent perceptions of the team’s
processes and policies, appeared across all survey blocks. The
participants reported three different rationales for the same multi-
repository strategy: “to separate services from experiments” (P1),
separating ML methodologies (P2), and supporting a future mi-
croservice architecture through a leadership decision (P3). Similar
divergences concerned the purpose of issues, the use of evaluation
metrics, and the need to adapt configuration-management prac-
tices. Moreover, no participant referred to a recurring mechanism
through which these interpretations were discussed and reconciled.
This pattern is consistent with Black Cloud, notably the limited
structured communication about the team’s process.

A second theme concerns inadequate conditions for preserv-
ing and exchanging knowledge. P1 reported experimental com-
parisons stored in spreadsheets attached to issue comments, while
P3 stated that, for some experiments, only the final result was
recorded and “the discussion occurred verbally in a later meeting.”
Documentation practices varied across members and experiments,
without a shared protocol. These accounts provide indicators con-
sistent with Sharing Villainy: relevant knowledge was produced
but not systematically retained in a form accessible to the team.

Two narrower themes yielded more tentative indications. P3’s
perception that repository decisions were made unilaterally by the
leadership, together with evaluation standards that only one partic-
ipant could describe, suggests a possible concentration of decision-
making and knowledge consistent with Lone Wolf. In addition, P1
and P3 anticipated no need to change configuration-management
practices (“I don’t foresee any need for change,” P3), whereas P2
expected changes, providing a limited indication of Cookbook De-
velopment. These smells do not have equivalent evidential support:
Black Cloud and Sharing Villainy recur across multiple survey top-
ics, whereas Lone Wolf relies on two narrower observations and
Cookbook Development on a single divergence combined with the
absence of a formalized adaptation policy.

Regarding shared understanding (Metric 1.2), divergence was
evident not only in isolated contradictory responses but also in the
structure of the reconciled code set. Several higher-level themes
captured divergent perceptions of pull-request policies, conflicting
interpretations of issue usage, and dissonant expectations about
adapting configuration-management practices. In one case, the syn-
thesis retained the opposing groups “the team foresees changes”
and “the team foresees no changes” because the responses could
not be reconciled. Agreement was largely limited to the existence
of practices, such as the use of multiple repositories, whereas their
purposes and governing policies remained contested. Experiment
evaluation represented the clearest coordination boundary, con-
centrating disagreements from all three participants about metrics,
documentation, and the criteria used to assess and integrate experi-
mental work. Thus, even before repository evidence was considered,
the perception data indicated limited shared understanding of how
the team coordinated and evaluated its work.
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Figure 1: Reported practice versus repository evidence; each
dot is one practitioner’s answer.

3.5.2 RQ2: To what extent does the comparison between the actual
use of the branching model and the reported use by the team members
indicate the presence of community smells?

RQ2 Summary

The comparison provided indicators consistent with Black Cloud, Sharing Villainy,
and Cookbook Development (Metric 2.1). Reported and enacted practices diverged
in issue traceability, experiment discussions, evaluation criteria, peer review, and
branch integration (Figure 1). Repository evidence corroborated two indications
from RQ1 and strengthened the tentative indication of Cookbook Development;
however, it did not provide a repository correlate for Lone Wolf.

We contrasted the practitioners’ answers with the mined repos-
itory evidence in three question blocks: (i) the use of issues for
change management, (ii) the registration of experiment discussions
in pull requests, and (iii) the use and documentation of metrics and
additional evaluation policies (Figure 1). For each block, we iden-
tified substantiated misalignments between reported and enacted
practices and assessed whether they provided indicators consistent
with specific community smells.

In the first block, P1 and P2 reported the team always used issues
to manage changes and document development and experimenta-
tion, whereas P3 reported regular use and described issues as being
used “as a consequence of creating tasks [...] not primarily for re-
porting bugs or requesting changes”. Across all repositories, branch
names often encoded issue identifiers (e.g., feature/<issue>), but
adherence was uneven. One repository preserved full traceability,
while others contained commits without issue references. In the
repository with the largest history, sequences of product-code com-
mits were made directly to developer, bypassing issue registration,
peer review, and pull-request discussion. Thus, the evidence par-
tially supports both accounts but reveals no consistently enacted
standard for change management: experiment issues follow differ-
ent structures, and issue templates are not systematically used.

In the second block, participants reported that experiment dis-
cussions were registered in pull requests almost always, always, or
regularly. However, no discussion of experimental outcomes was
identified in the analyzed pull requests or issues. The substantive
exchanges that were found concerned implementation and con-
figuration, while experimental results were occasionally reported
by their authors without subsequent discussion. Only 3 of the 32

analyzed PRs recorded results, 43.8% contained any substantive
comment, and 14 of the 22 merged PRs (63.6%) were integrated
without a human comment. P3’s report that some discussions oc-
curred verbally helps explain this absence, while a PR comment
conceding that “the current flow of the repository was set before
the definition of the SCM [software configuration management]
guidelines [...] we will still fix it” shows that the team was aware of
the misalignment but deferred its correction.

The third block concerned metrics for comparing experiments
and the documentation of additional evaluation policies. P1 and
P2 reported that metrics were not used, citing different experimen-
tal scopes and the absence of standard datasets. P3 reported that
metrics were used within the same experimental context and listed
F1-score, precision, recall, and accuracy, while conceding that “we
don’t define the policy objectively”. Reports about documentation
frequency ranged from always to never (bottom track of Figure 1).
Repository evidence was closer to the latter accounts: only 3 of
the 32 pull requests recorded metrics or evaluation results, and
experiments of the same type reported different measures. Some ar-
tifacts included unreported acceptance and reproducibility criteria,
but these were applied inconsistently. Merges lacked approval, self-
merges occurred, and branch protection and continuous integration
were absent.

Together, the three blocks reveal more than simple noncompli-
ance with a prescribed model. The repositories record inconsistent
interpretations of change management, experiment evaluation, and
integration, providing indicators consistent with Black Cloud. Exper-
imental knowledge is retained through sparse, author-dependent
records and verbal interactions rather than shared conventions,
providing indicators consistent with Sharing Villainy. Finally, the
acknowledged but unresolved divergence between the prescribed
guidelines and the enacted workflow strengthens the indication of
Cookbook Development. The strongest signal is the conflict among re-
ported practices, observed practices, and missing expected records.

3.5.3 Reading RQ1 and RQ2 Together. The two readings converge
on a core finding the design did not guarantee: the repositories
could have agreedwith the reported practice, and they did not. Black
Cloud and Sharing Villainy were indicated by independent evidence
on both sides; Cookbook Development, the most tentative indication
in RQ1, is the one RQ2 substantiated most literally, in the team’s
acknowledgment that the prescribed guidelines are not followed,
never accompanied by a recorded adaptation; only Lone Wolf does
not survive the crossing, remaining a perception-side hypothesis
for validation with the team. Because self-reports and repositories
have distinct limitations, their convergence is informative.

This inverts the valuation reported for ML settings, where prac-
titioners find versioning hard yet deem it essential, since datasets,
models, and experiment metrics resist conventional control [5, 22].
Here the burden is met with silence: experimental discussion is re-
tained nowhere, and experiment evaluation, the coordination point
most specific to ML work, is where perceptions diverge most and
the record is emptiest, echoing the thin documentation and broken
handoffs reported for ML teams [3, 15, 17] and the environment in
which Sharing Villainy takes hold, knowledge sharing not perceived
as productive work [10]. These indications are early warnings of
accumulating social debt [26], tied to technical degradation [10]
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and, in ML projects, to self-admitted technical debt [12]. Repository
bypasses may reflect community smells, revealing where social
debt becomes integration risk.

The joint reading thus serves as preliminary evidence that
branching-model analysis can act as a proxy for identifying com-
munity smell indicators in an ML team, and as a characterization
of the mechanism: misalignment among the prescribed model, the
practitioners’ perceptions, and the enacted practice, as the unit
of evidence through which coordination issues become visible.
For MLOps governance, the implication is that branch usage
deserves monitoring not only for version-control compliance,
but as evidence of team alignment, integration readiness, and
sociotechnical health: divergent rationales for one policy, empty
discussion records, and unreviewed merges are signals available
at low cost in artifacts the team already produces. The lens has
limits: the sharpest indications appear where its two sides cross, as
in experiment evaluation, yet a reading built on misalignment says
little about a team in genuine agreement, a question this single
case cannot answer.

4 Study Design Trade-offs & Threats to Validity
Following Robillard et al. [19], we discuss the main design decisions
and their implications for interpreting the findings.

Evidence Sources. Community smells are latent social phenomena
that neither surveys nor repositories capture directly. We combined
an asynchronous survey with repository mining instead of relying
only on interviews, observation, communication channels, or repos-
itory metrics. This choice enabled us to contrast the perceptions
of all AI-team members with durable evidence from all five repos-
itories. Surveys capture rationales but are exposed to ambiguous
terminology, recall, and social-desirability effects, a risk heightened
by the absence of a pilot; repositories provide observable traces
but record only what reaches GitHub. We paired frequency-based
questions with open-ended rationales and treated missing artifacts
as informative only when a durable record was expected from the
prescribed process or participants’ accounts. Thus, the design sup-
ports triangulation but produces indicators rather than diagnoses
of community smells.

Depth versus Breadth. We investigated one three-member AI team
rather than multiple teams. This decision provided access to the
complete team, all repositories supporting the ML component, and
the prescribed branching model, enabling a detailed comparison
among prescribed, perceived, and enacted practices. The trade-off is
limited breadth: the project’s early stage, small team, heterogeneous
experience, and leadership structure provide rival explanations for
the observed misalignments. Non-adherence may reflect process
immaturity or an unsuitable branching model rather than persis-
tent dysfunction. Accordingly, Cookbook Development reflected
acknowledged non-adherence without documented adaptation, de-
spite adaptation being allowed.

Collection Timing. We collected perceptions asynchronously dur-
ing the eighth sprint rather than through repeated interviews or
continuous observation. This reduced interference with project
activities and allowed written rationales, but a single collection
point cannot reveal how perceptions evolved. Responses may also

reflect recall, social desirability, or exchanges among participants.
Repository data from the first through the eighth sprint reduced
dependence on retrospective reports, but cannot establish whether
the identified patterns persisted or emerged in a specific period.

Interpretation and Reliability. We used inductive thematic analysis
followed by interpretation against a community-smell glossary in-
stead of relying solely on predefined codes or automated detection.
This preserved contextual meaning but increased dependence on
researcher judgment. Researchers first coded and grouped data inde-
pendently, documented the rationale for each abstraction and smell
link, and reconciled interpretations afterwards. Repository evidence
was analyzed with the same written-justification procedure. These
steps preserve a reviewable chain of evidence, but do not guarantee
that another team would produce identical classifications.

5 Conclusion and Future Work
This exploratory single-case study investigated whether branching-
model evidence can serve as a low-cost sociotechnical proxy for
community smells in ML-based development. Contrasting the pre-
scribed branching model, practitioners’ perceptions, and enacted
repository practices revealed recurrent misalignments: practition-
ers held conflicting views regarding repository strategies, the use
of issues, and evaluation policies; no discussions concerning exper-
iment results were found within PRs; only 3 out of 32 PRs had any
documented metrics or results; and 14 of the 22 merged PRs were
integrated without any human commentary. Black Cloud, Sharing
Villainy, and Cookbook Development were indicated by indepen-
dent evidence from both perceptions and repositories; Lone Wolf
emerged only from perception data and found no repository cor-
relate. Experiment evaluation combined the greatest divergence
in perceptions with the emptiest repository record. The branch-
ing model did not cause these conditions, but it echoed them. For
MLOps governance, divergent rationales for one policy, empty dis-
cussion records, and unreviewed merges are low-cost coordination-
risk signals in artifacts the team already produces.

Future work.Multi-team and multi-project studies should repli-
cate the analysis across teams of varying sizes, maturity levels,
and, especially, different branching models, to establish when the
proxy is informative beyond a single early-stage team; longitudinal
and comparative designs could then examine whether particular
structures and policies correlate with specific smells, moving from
locating indicators toward supporting causal claims. Future work
should also validate the indicators with the affected teams and exam-
ine teams in genuine agreement, to assess whether view alignment
distinguishes healthy coordination.

Artifact Availability
The artifacts of this study are available in an Open Science Frame-
work (OSF) repository: https://doi.org/10.17605/OSF.IO/N6Z9S.
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