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ABSTRACT
The integration of AI-based systems into software systems poses
technical and organizational challenges, especially regarding com-
munication between multidisciplinary teams. This qualitative study,
grounded in the Socio-Technical Grounded Theory, investigates
communication practices during the development and integration
of AI-based systems. Conducted in two cycles with a total of 15 semi-
structured interviews, the study identifies five key communication
challenges: lack of shared technical vocabulary, misaligned expec-
tations and priorities, unstructured communication practices, and
inadequate use of tools. These issues often lead to misunderstand-
ings, rework, and miscoordination across teams. To address them,
participants recommended strategies such as shared glossaries,
regular alignment meetings, and standardized collaborative tools.
These findings contribute to the understanding of socio-technical
dynamics in ML-based software projects and offer practical rec-
ommendations to improve integration workflows and guide future
Software Engineering practices.
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1 Introduction
The integration of AI-based systems into traditional software sys-
tems has become increasingly common, raising specific challenges
for Software Engineering (SE). The rapid evolution of Machine
Learning (ML) complicates the adoption of established engineering
practices, with studies highlighting both technical and organiza-
tional obstacles [6, 13]. While some argue that ML systems require
new practices, others claim that rigorously applying traditional
ones may suffice [7]. Still, the added uncertainty and complexity of
ML components demand context-specific strategies.

Ozkaya [10] notes that AI systems shift engineering priorities
toward attributes like explainability and verifiability, requiring
changes in design and evaluation strategies. These changes re-
flect not only technical demands, but also the need to manage the
propagation of changes and the uncertainty intrinsic to ML models.

Consequently, software teams must adapt their development pro-
cesses to accommodate probabilistic reasoning, data dependencies,
and model retraining.

Beyond technical issues, human and collaborative aspects are
critical. Prior work reports challenges in interdisciplinary collab-
oration, including vocabulary gaps, unclear responsibilities, and
misaligned priorities [2, 8, 9, 12]. While these studies, including Pi-
orkowski et al. [12], focus broadly on organizational strategies and
educational efforts such as cross-training, they often do not explic-
itly address day-to-day communication practices during technical
integration. This study differentiates itself by explicitly investi-
gating these everyday communication dynamics. As Kästner [7]
points out, "It truly requires data scientists, software engineers, and
others to work together, understand each other, and communicate
effectively."

Understanding how communication occurs between data scien-
tists and software engineers is key to improving ML system inte-
gration. This research investigates Software Engineering practices
in this context, focusing on socio-technical interactions. Grounded
in the Socio-Technical Grounded Theory (STGT) for Software Engi-
neering [5], the study was conducted in two interview-based cycles.
The first, with eight participants, identified initial categories of
communication challenges. These guided the second cycle, with
seven additional interviews focused on refining the findings.

Our results highlight five recurring challenges: lack of shared
technical vocabulary, misaligned expectations and priorities, un-
structured communication practices, and inadequate collaborative
tools. This study contributes by offering practical recommendations
such as shared glossaries and communication rituals—to support
more effective integration and guide future SE practices for ML-
based systems.

2 Background
This study is grounded in the STGT, which guides the qualitative
analysis of data in contexts characterized by the interaction between
technical and social factors. This section outlines the theoretical
foundations that support the adopted approach.
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2.1 Socio-Technical Grounded Theory for
Software Engineering

The STGT, proposed by Hoda [5], extends Classic Grounded Theory
to socio-technical contexts in software engineering. It recognizes
that practices and decisions in this domain emerge from the inter-
play between human agents and technical artifacts. STGT involves
collecting and analyzing empirical data through qualitative meth-
ods, such as interviews or observations, to build theory grounded
in participants’ experiences. Its analytical process is iterative and
based on immersion in the data, constant comparison, and the pro-
gressive construction of concepts and categories. Open coding trans-
forms raw textual data into meaningful codes, and a socio-technical
perspective ensures that both human and technical dimensions are
considered during analysis.

2.1.1 Coding Process. The coding process in STGT unfolds in iter-
ative stages. It begins with open coding, where data is examined
line by line to identify emerging concepts in an exploratory manner.
This is followed by constant comparison, in which concepts are
systematically compared and refined into explanatory categories.
Theoretical integration then organizes these categories into hierar-
chical structures, capturing both technical and social elements of
the phenomenon. Visual representations, such as diagrams, may
support this process by clarifying the relationships between codes
and categories. For instance, codes related to confusion over ML
terminology led to the identification of issues in interdisciplinary
understanding.

2.1.2 Formation of Theoretical Categories. Theoretical categories
represent key phenomena identified through coding and compar-
ison. They are built iteratively, grounded in participant accounts
and sensitive to organizational and technical contexts. Rather than
applying a predefinedmodel, STGT encourages flexible theorization
based on patterns observed in the data. This process is enriched
through the writing of analytical memos, creation of diagrams, and
ongoing refinement. For example, the codes "Lack of Understanding
of Terms" and "Misalignment of Technical Vocabulary" contributed
to the broader category "Challenges in Interdisciplinary Communi-
cation".

3 Research Method
This research adopts a qualitative approach grounded in the STGT,
which is appropriate for investigating phenomena in contexts where
social and technical factors are intertwined. We conducted the
study in two sequential and complementary stages, corresponding
to the basic stage of the STGT method—focused on initial data
collection and analysis to support the construction of conceptual
categories. Although both stages contribute to the research, the
second cycle constitutes the central focus of this study, as it deepens
the investigation into communication practices and challenges.

The Figure 1 presents an overview of the methodological process
adopted in the basic stage of the STGT approach. Main steps are
represented as rectangles with their respective outputs, including
definitions, memos, interview transcripts, codes, and refinements of
the interview guide and conceptual categories. This visual summary
helps to clarify the iterative nature of the process. The research was
approved by the Research Ethics Committee of the Anonymous

University, and all participants signed an informed consent form,
in accordance with ethical guidelines.

All research artifacts referenced in this paper—including inter-
view guides, anonymized transcripts, coding structures, and analy-
sis diagrams—are available in a publicly accessible repository [11].

3.1 Cycle 1: Exploratory Study
The first cycle aimed to map engineering practices and challenges
faced in the development of software systems with ML components.
The emphasis was on identifying practical experiences, adaptation
strategies, and obstacles encountered by multidisciplinary teams.

3.1.1 Data Collection. Eight semi-structured interviews were con-
ducted with professionals working in the field, including software
engineers and data scientists with experience in ML-based projects.
The interviews addressed topics such as the context of model appli-
cation, engineering practices used, challenges faced, and solutions
adopted by the teams. All interviews were conducted remotely,
recorded with consent, and transcribed for analysis. Participants
were recruited through professional contacts of the researchers and
snowball sampling, ensuring that all selected individuals had prior
experience in projects involving AI-based systems.

The participants of Cycle 1 included four data scientists, three
software developers, and one quality assurance engineer, with pro-
fessional experience ranging from 4 to over 14 years. Their academic
backgrounds varied from undergraduate to doctoral level, and their
roles combined technical and managerial activities. Participants
were affiliated with different teams and organizations, ensuring
diversity in experiences with AI-based system integration.

3.1.2 Data Analysis. The analysis followed the basic stage of STGT,
conducted iteratively through two main phases: (i) open coding,
identifying emerging concepts line by line, and (ii) theoretical in-
tegration, systematically grouping and refining concepts into ex-
planatory categories using the constant comparison technique. The
process was conducted with the support of MAXQDA1, aided by
analytical memos and iterative revisions.

The exploratory analysis indicated that communication failures
among interdisciplinary teams constitute one of the main barriers
to integrating AI-based systems into software systems. The key
challenges identified include the absence of a shared technical vo-
cabulary, misaligned expectations and priorities between teams,
lack of structured communication practices, and inefficient use of
collaborative tools. These findings provided the empirical founda-
tion for the in-depth investigation carried out in the subsequent
stage of the study. Figure 2, developed based on the exploratory
phase, summarizes the main categories and their interrelations.

1MAXQDA: https://www.maxqda.com/

https://www.maxqda.com/
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Figure 1: Socio-Technical Grounded Theory method applied in basic stages.

Figure 2: Main communication challenges in the integration
of AI-based systems into software systems.

3.2 Cycle 2: In-Depth Study
The second cycle sought to investigate, in greater detail, the com-
munication aspects involved in the integration of AI-based systems.
The focus was on understanding the challenges faced in communi-
cation between specialists from different fields and the practices
that support effective collaboration in these contexts.

The transition from the first to the second cycle was guided by
preliminary findings from Cycle 1, which revealed that communi-
cation barriers were among the most recurrent and impactful chal-
lenges faced by teams integrating AI-based systems. Although the
initial focus was on software engineering practices more broadly,
the prominence of communication-related issues across interviews
highlighted the need for a more focused investigation. Therefore,
Cycle 2 was designed to deepen the analysis specifically on interdis-
ciplinary communication, allowing a more refined understanding
of how these challenges affect the integration process.

3.2.1 Research Questions. The second cycle was guided by the
following research questions:

• RQ1:What are the main communication challenges faced
between AI-based system specialists and software develop-
ment specialists during the integration of AI-based systems
into traditional systems?

• RQ2:What practices have been adopted or recommended
to improve communication and support the integration of
AI-based systems into traditional systems?

3.2.2 Data Collection. Seven semi-structured interviews were con-
ducted with professionals directly involved in the integration of
AI-based systems. Participants were selected by convenience, en-
suring a diversity of roles, experiences, and organizational contexts.
The interviews were conducted remotely, lasting between 30 and 45
minutes, recorded with consent, and transcribed using TurboScribe,
an AI-based transcription service2, followed by manual review to
ensure accuracy.

The interview guide was built upon two main sources: the lit-
erature on interdisciplinary collaboration in ML projects and the
empirical categories identified during the first cycle. The thematic
blocks (i) shared technical vocabulary, (ii) alignment of expecta-
tions, and (iii) alignment of priorities were initially identified as
emerging categories in the Cycle 1 analysis. In contrast, blocks (iv)
structured communication practices and (v) communication tools
were inspired by prior literature reviews on coordination strategies
and the use of collaborative tools in software engineering teams
[3, 8]. Block (vi) participant recommendations was included to cap-
ture spontaneous suggestions from professionals. This combination
allowed for a deeper exploration of key topics in interdisciplinary
communication.

The participants of Cycle 2 included four software engineers,
three data scientists, and one engineering manager, with 4 to 10
years of experience. Most held graduate degrees (master’s level)
in computer science, statistics, or systems modeling. All partici-
pants were involved in interdisciplinary AI-software projects across
different teams and companies.

2https://www.turboscribe.ai

https://www.turboscribe.ai
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3.2.3 Data Analysis. The analysis was conducted iteratively using
MAXQDA, applying open coding and theoretical integration. Cod-
ing was performed collaboratively by two researchers, involving
regular discussions to resolve discrepancies and ensure interpretive
validity. Analytical memos documented preliminary insights and
supported the constant comparison process, essential in STGT.

The analytical process was conducted iteratively until reach-
ing theoretical saturation, progressively refining and expanding
existing categories. Following STGT principles, the categories pre-
sented in this paper represent the consolidated findings from the
two cycles conducted.

The emerging categories reveal recurring barriers and effective
communication practices, forming the groundwork for theoreti-
cal and practical recommendations aimed at enhancing the socio-
technical integration of AI-based systems into software systems.

4 Results
This section presents the partial results obtained from the quali-
tative analysis conducted in two complementary cycles. The first
cycle, of an exploratory nature, involved eight interviews with
professionals from the fields of Software Engineering and Data
Science, aiming to map the practices adopted and challenges faced
in integrating AI-based systems into traditional software systems.
The findings of this cycle revealed, among other aspects, that com-
munication failures between interdisciplinary teams are among the
main barriers to the effective integration of AI-based systems into
software systems, providing both empirical and theoretical support
for the in-depth exploration carried out in the subsequent cycle.

In the second cycle, which constitutes the main focus of this
study, seven new interviews were conducted with a specific focus
on the communication aspects emerging from the first analysis.
The results of this cycle are presented in the following subsections,
organized to highlight both the challenges faced and the practices
adopted or recommended by the teams in integrating AI-based
systems into software systems.

4.1 RQ1 — Communication Challenges in
Integrating AI-based Systems

The analysis reinforced the presence of the five dimensions pre-
viously identified: the absence of a shared technical vocabulary,
misalignment of expectations and priorities, lack of structured com-
munication practices, and inadequate use of collaborative tools.
These categories, initially outlined in the first cycle, were confirmed
and enriched with new empirical examples, providing further detail
on the challenges faced by the teams. Each of these dimensions is
presented and illustrated below with excerpts from the interviews.

Shared Technical Vocabulary. The absence of a common language
between ML and Software Engineering (SE) teams was widely iden-
tified as a source of noise and rework. Participant 13 reported a
misunderstanding about how ML models work: "The software team
thought that the model had to be trained every time a prediction was
made. They didn’t know the model was already trained.". Participant
10 added an example of incompatibility between expectations and
outputs: "The developer created an API expecting a data format that
was incompatible with what the model produced. This led to a conflict
over data formats." These reports reinforce the findings from the

first cycle, which already indicated the absence of glossaries or
terminological alignment as barriers to mutual understanding.

Alignment of Expectations. Divergences in scope, deadlines, and
expected results were frequent. Participant 13 stated that there
was confusion between deployment and validation: "The manager
thought that putting the model into production was just about deploy-
ing it. But we were still testing and validating it. He didn’t understand
that." Participant 11 emphasized the need to explain the process to
stakeholders: "We had to sit down with the product team and explain
that the value of the model wasn’t immediate. There was a whole
process until it reached that point."

Alignment of Priorities. Conflicts over what should be prioritized
also hindered integration. Participant 15 noted that infrastructure
priorities often overruled ML work: "The product team gave top
priority to bug fixes. No one wanted to stop to deal with technical
debt in data." Participant 14 described a recurring dilemma in task
prioritization: "We constantly debated what was more important:
improving the model or resolving customer tickets."

Lack of Structured Communication Practices. Informality or the
absence of systematic communication processes contributed to
frequent misalignments. Participant 9 reported a lack of communi-
cation between scheduled meetings: "We only communicated during
the bi-weekly meeting. Until then, each person made decisions on their
own." Participant 10 described the surprise factor in uncoordinated
efforts: "Many times, I showed up at the meeting and discovered that
something had been done that no one had mentioned before."

Inadequate Communication Tools. Disorganization of channels
and the absence of a standardized platform contributed to informa-
tion dispersion. Participant 10 commented on the inefficiency of
task tracking in spreadsheets: "Managing tasks in spreadsheets was
very confusing. After we moved to Jira, it was much easier to track."
Participant 11 emphasized how centralized documentation helped
team alignment: "We used Notion to write everything before the meet-
ings. It really helped align things and avoid losing information."

4.2 RQ2 — Practices Adopted or Recommended
to Improve Communication and Integration

Based on the reported challenges, participants shared practices that
were effective in mitigating communication problems. The emerg-
ing strategies align with the identified dimensions and reinforce
the importance of institutionalizing collaborative mechanisms. The
following paragraphs describe these practices, grouped according
to the five dimensions previously identified.

Shared Glossaries and Leveling Sessions. Participant 11 described
an initiative to align terminology: "We created a shared glossary with
the most common ML terms and how they applied to the system." This
practice helped develop a common vocabulary among the teams,
promoting conceptual alignment and avoiding misunderstandings.

Alignment Rituals. Participant 15 emphasized the positive impact
of structured meetings: "When we started having weekly meetings
with minutes and decision points, communication improved." Regular
meetings, with agendas and documented decisions, were cited as
significantly improving communication.
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Standardized Use of Collaborative Tools. Participant 10 reported
improvements after switching tools: "We switched from spreadsheets
to Jira." Participant 11 highlighted the usefulness of documenta-
tion tools for team alignment: "We used Notion to write everything
before the meetings. It really helped align things and avoid losing
information."

Negotiation of Priorities. Some teams began adopting formal fo-
rums to negotiate priorities. Although not all participants reported
the existence of structured mechanisms, those who did observed
improvements in clarity and productivity.

The recommendations derived from these empirical findings
are summarized in Table 1, organized based on the five central
categories identified.

Table 1: Practical recommendations based on the analyzed
categories

Category Recommendation
Shared technical vocabu-
lary

Develop collaborative glossaries and
promote technical leveling sessions

Expectation alignment Establish regular alignment meet-
ings focusing on deliverables and
scope

Priority alignment Create formal mechanisms for nego-
tiating priorities across domains

Structured communica-
tion practices

Institute communication rituals,
such as meetings with decision logs

Communication tools Adopt and standardize the use of col-
laborative and tracking platforms

5 Discussion
The empirical findings from this preliminary qualitative study pro-
vide answers to the proposed research questions, RQ1 and RQ2,
reaffirming previously identified issues such as communication chal-
lenges, misaligned expectations, and conflicting priorities among
interdisciplinary teams [9]. Our empirical data enrich these discus-
sions with concrete examples, enabling specific and actionable prac-
tices to enhance interdisciplinary dialogue. Furthermore, we com-
plement recommendations from other works, such as Piorkowski
et al.’s [12] advocacy for cross-training, by explicitly focusing on
immediate, day-to-day communication practices as complements to
broader organizational strategies. Ultimately, effective integration
requires not only technical coordination but also a fundamental re-
evaluation of project management methodologies to accommodate
uncertainties inherent to ML components.

The persistence of a fragmented technical vocabulary emerged
as a primary communication barrier, directly impacting integration
efficiency and quality. As exemplified by participant observations
regarding model training misconceptions and incompatible data
formats, terminological misunderstandings lead to rework and con-
flict. Unlike previous studies, our research extends this by propos-
ing practical communication strategies explicitly oriented toward
technical integration, emphasizing the need for proactive glossary
development and leveling sessions.

Misalignment of expectations and conflicting priorities were
consistently identified as significant impediments. The dissonance

between the iterative, experimental nature of ML development and
the often more linear expectations of traditional software project
management, as noted by Kästner [7] and Serban et al. [13], was a
recurring theme. Similarly, the struggle to balance bug fixes with
technical debt in data highlights the organizational friction caused
by divergent priorities. These findings align with Nahar et al.’s [9]
observations on managerial noise and the impact of siloed functions
on clarity of responsibilities [7], reinforcing the need for continuous
negotiation and alignment.

The observed lack of structured communication practices and
inefficient use of collaborative tools could worsen these challenges.
Reliance on infrequent, unstructured meetings and uncommuni-
cated decisions directly impacts coordination, task tracking, and
deliverable alignment. Although prior work advocates various com-
munication strategies and tools [3, 8], our findings highlight the
need for a disciplined, standardized approach when adopting plat-
forms such as Jira or Notion, integrated into regular communication
rituals to foster transparency and traceability.

Furthermore, our findings highlight the specific challenge of
communicating the probabilistic nature and inherent uncertainties
of ML models to software engineers, as also discussed by Ozkaya
[10]. The difficulty in discussing model validity and data dependen-
cies highlights a critical gap in mutual understanding that extends
beyond mere vocabulary. This suggests a need for communica-
tion strategies that address the epistemological differences between
deterministic software logic and probabilistic ML outcomes.

While Piorkowski et al. [12] advocate cross-training to bridge
technical gaps, our findings illustrate practical barriers like resource
constraints. Thus, our study expands on their work by focusing
on immediate, operational-level communication practices as al-
ternatives or complements to broader cross-training efforts. This
suggests that while theoretically beneficial, its real-world applica-
tion requires significant organizational commitment and strategic
planning to overcome resistance and logistical hurdles.

These findings also build upon the first cycle, which established
the empirical foundation for refining categories and further explor-
ing communication practices. The ongoing research, with additional
interviews planned until theoretical saturation (the advanced phase
of STGT), aims to consolidate both explanatory and prescriptive
theories for multidisciplinary teams working on AI-based systems.

6 Limitations
This study presents limitations that should be taken into account
when interpreting the results. Firstly, the research is at an initial
stage and is based on a small sample participants, selected by conve-
nience, which may limit the generalizability to other organizational
contexts or to teams with different levels of maturity.

Additionally, data were obtained through semi-structured in-
terviews, which, although appropriate to the qualitative approach
and to STGT, may be subject to recall or perception bias on the
part of the interviewees. Triangulation with other methods could
strengthen the results in future stages of the research.

Finally, the current analysis presents partial results. Continuing
data collection until theoretical saturation is reached is necessary
for the consolidation of categories and for the development of a
more robust theory regarding communication in ML contexts.
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7 Related Work
Effective communication amongmembers ofmultidisciplinary teams
is crucial for the success of projects that integrate ML models into
software systems. The literature distinguishes two main types of
communication: formal (meetings and documentation) and infor-
mal (quick information exchange) [8]. In our research, we observed
that both are essential for the project’s progress, but failures in
structuring either can hinder the integration of AI-based systems.

When teams have distinct backgrounds, such as data science
and software engineering, communication barriers arise, mainly
due to the lack of a shared technical vocabulary, which can lead to
misunderstandings and integration failures [2, 8, 12]. Our findings
support this view, showing that the lack of clarity in communication
regarding the objectives of the ML model was a critical point.

Nahar et al. [9] noted that technical heterogeneity generates lin-
guistic noise, affecting team collaboration. Unlike their study, our
research explicitly analyzes this phenomenon through the lens of
communication practices in technical integration processes, propos-
ing concrete recommendations to address it.

Kästner [7] points out that siloed structures and unclear responsi-
bilities lead to conflicts, and also highlights the lack of consolidated
best practices for cross-team integration. Our findings reinforce
these issues by showing that silos hinder alignment between teams
and that, despite initiatives like structured documentation, there is
still no consensus on integrated workflows.

Various strategies to improve communication have been adopted,
such as collaborative tools and glossaries [1, 3, 4]. Our findings
confirm the importance of these tools, such as Jira3 and Notion4,
but also highlight that the implementation of regular meetings and
cross-training is insufficient to bridge the communication gaps.

Ozkaya [10] discusses how ML models differ from traditional
software engineering, primarily in aspects such as explainability
and handling uncertainty. In our research, we found that communi-
cation regarding uncertainties and data dependencies remains an
ongoing challenge, especially since the probabilistic nature of ML
models is not easily understood by software engineers, leading to
difficulties in discussions about the validity of the models.

Studies also highlight difficulties in communicating complex
results to stakeholders [3]. In our case, we observed that the limited
interaction between modeling and implementation teams hindered
the rapid adaptation, impeding the progress of project phases.

Cross-training between software engineers and data scientists is
commonly recommended to reduce technical gaps between disci-
plines [8, 12, 14]. Piorkowski et al. [11] emphasize cross-training
as a primary strategy to improve interdisciplinary collaboration
by bridging technical knowledge gaps between software engineers
and data scientists. In contrast, our work explicitly investigates
everyday communication practices employed by teams during the
technical integration of AI-based systems, offering practical recom-
mendations that complement Piorkowski’s broader organizational
and educational approach.

3Jira: https://www.atlassian.com
4Notion: https://www.notion.com

8 Conclusion
This study investigated how communication practices across in-
terdisciplinary teams impact the integration of AI-based systems.
Using a qualitative approach grounded in STGT, the study addressed
two research questions related to communicational barriers, provid-
ing empirical insights into the challenges and practices that shape
interdisciplinary collaboration.

The findings indicate that communication gaps—such as lack
of shared vocabulary, misaligned expectations and priorities, un-
structured practices, and inadequate tool usage—undermine the
quality ofMLmodel integration. In contrast, practices like collabora-
tive glossaries, regular meetings, and standardized documentation
emerged as effective strategies to address these issues.

These findings reinforce the importance of addressing not only
technical aspects but also social and organizational dimensions in
the development of ML-enabled systems. The main contribution
of this research lies in empirically demonstrating the centrality of
interdisciplinary communication as a determining factor for the
technical success of such systems.

As next steps, we plan to expand data collection until reaching
theoretical saturation, progressively advancing the application of
the STGT. The continuation of data collection will be guided by
theoretical sampling, prioritizing participants who can contribute
to the deepening or expansion of emerging categories. The study
will seek professionals with technical profiles, experiences, or orga-
nizational contexts that offer relevant variation to the dimensions
already identified, in accordance with STGT guidelines.

As the research progresses, we aim to move beyond the descrip-
tive refinement of categories toward a more abstract level of the-
orization. This includes identifying core categories and exploring
their relationships to support the development of an explanatory
theory of communication in AI-based software projects. In addition,
we intend to translate these insights into actionable frameworks
or practical guidelines for engineering teams, contributing both to
academic understanding and to the improvement of real-world soft-
ware development practices involving machine learning systems.
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