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Abstract
Explainability plays a key role in the development of Artificial Intel-
ligence (AI)-enabled systems. Although the literature recognizes the
potential of Requirements Engineering (RE) to achieve explainabil-
ity, its practical adoption remains limited, often lacking real-world
applicability and systematic methods to embed explainability from
the early stages of AI-enabled system development. This study in-
vestigates how AI project leaders perceive explainability and the
challenges they face when addressing it as a software requirement
in a Brazilian Research, Development, and Innovation (RD&I) unit.
We performed semi-structured interviews, which were analyzed
through Grounded Theory’s open and axial coding. Our findings
reveal that explainability is perceived as a transversal quality factor
closely related to trust and transparency. Moreover, participants
report cultural and knowledge barriers and emphasize the need to
adapt RE processes to better integrate explainability. This study
offers qualitative and exploratory insights into how explainability
is currently understood and applied in practice, revealing gaps in
RE processes and highlighting the need to advance RE practices
focused on explainability in AI-enabled systems.
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1 Introduction
Artificial Intelligence (AI)-enabled systems are increasingly adopted
to enhance products, optimize processes, and support decision-
making. However, their adoption introduces new challenges for
Requirements Engineering (RE), particularly regarding the need to
ensure that system decisions are understandable and trustworthy.

AI pipelines are capable of producing accurate predictions; how-
ever, they often fail to incorporate two crucial phases: understand-
ing and explanation. Understanding involves analyzing the problem
domain, data, and model behavior, including training and quality
assurance [30]. Explanation, in turn, is essential throughout the AI
lifecycle, especially when models are deployed in real-world appli-
cations. Together, these phases contribute to model interpretability,
trustworthiness, and effective deployment [7].

Explainability refers to the capability of a system to provide
intelligible and contextually meaningful explanations regarding
its functioning and decision-making processes. It is considered a
non-functional requirement (NFR) with a substantial impact on the
quality of AI-enabled systems [29]. The need for explainability may
be driven by factors such as transparency, user acceptance, and
regulatory compliance [6, 9]. While particularly critical in high-
risk scenarios, explainability is relevant across any system that
incorporates intelligent components, supporting stakeholders in
understanding, justifying, and auditing automated decisions [23].

The importance of explainability is further reinforced by inter-
national guidelines and regulatory initiatives. In Brazil, Proposed
Law No. 2.338/2023 and the Brazilian Artificial Intelligence Plan
(PBIA) explicitly require AI systems to be explainable, auditable, and
transparent [20, 25]. These demands highlight the need to address
explainability as a first-class concern during system development.

Despite this relevance, existing studies indicate that the incorpo-
ration of explainability in RE remains limited and often ad hoc [13].
There is a lack of systematic approaches to address explainability
from early development stages, as well as uncertainties regarding
what should be explained, when, and to whom [17].

To investigate this gap, we conducted a qualitative exploratory
study with professionals leading AI projects in an applied research
and innovation environment in Brazil, aiming to understand how
they perceive explainability and the challenges they face when
treating it as a software requirement. Data were collected through
semi-structured interviews with 13 participants and analyzed using
qualitative coding procedures based by Grounded Theory (GT),
specifically open and axial coding.

The main contribution of this paper is an empirical characteriza-
tion of how explainability is currently understood, elicited, speci-
fied, validated, and managed as a requirement in real AI-enabled
projects, revealing concrete gaps in RE practice and deriving im-
plications for the systematic integration of explainability into AI
development processes. Our findings indicate that, although ex-
plainability is widely recognized as important, it is still addressed
in an implicit and reactive manner rather than being systematically
incorporated throughout RE activities. This highlights a gap be-
tween the recognized importance of explainability and its effective
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operationalization in practice, reinforcing the need to integrate
explainability from the early stages of RE.

The results show that explainability is perceived as a transversal
quality attribute closely associated with trust and transparency.
However, its treatment in practice is still fragmented, with chal-
lenges related to stakeholder understanding, cultural aspects, and
the absence of structured RE support.

The remainder of this paper is organized as follows. Section 2
presents the background. Section 3 reviews the related work. Sec-
tion 4 describes the research method. Section 5 presents the results
and findings. Sections 6 and 7 discuss the findings and the threats
to validity, respectively. Finally, Section 8 concludes the paper.

2 Background
Explainability as a requirement to be addressed by RE in software
systems has been discussed in previous work. Chazette et al. [15]
define a system as explainable with respect to an aspect X if a corpus
of information (the explanation) is provided to an addressee A in
such a way that A is able to understand X. From this perspective,
explainability can be understood as a software quality attribute that
enables stakeholders to comprehend specific aspects of a system’s
behavior or decisions. This quality has gained increasing relevance
in the field of RE due to the growing complexity of modern software
systems, particularly AI-enabled systems [5].

Research on explainability has focused on Explainable AI (XAI)
[4, 27]. In this context, explanations typically concentrate on clarify-
ing AI models and algorithms from a technical perspective. As a re-
sult, XAI explanations are predominantly developer-oriented and do
not adequately address the information needs of other stakeholders,
such as domain experts, clients, and end users. This limitation high-
lights the gap between model-level interpretability and stakehold-
ers’ understanding at the system level. Beyond AI-specific contexts,
explainability has also gained prominence within RE [10, 19, 29].

Within RE, explainability is commonly regarded as a cross-cutting
NFR closely related to trust, transparency, user understanding, and
user acceptance. It is often characterized as a “means to an end,”
rather than an end in itself [6, 15]. From this perspective, explain-
ability should be considered user-centered, as explanations need
to be tailored to different stakeholder profiles and their specific in-
formation needs. Consequently, a system may need to incorporate
multiple types of explanations to effectively support diverse users
throughout their interaction with the system.

Despite its recognized importance, previous studies have identi-
fied persistent gaps in the integration and maturity of explainability
within the development of AI-enabled systems [17, 19]. In particu-
lar, the tertiary study by Martins et al. [19] synthesized the existing
literature and identified research gaps that informed the research
problem addressed in this work. Based on these findings, the present
study adopts an empirical and qualitative approach to investigate
how practitioners perceive and address explainability throughout
RE activities in real AI projects. RE can support the systematic
integration of explainability by extending the notion of explainabil-
ity beyond model interpretability and systematically addressing
stakeholders’ understanding needs at the system level.

Regarding RE practices, traditional methods are still not well-
defined for AI projects [9, 31]. Establishing effective RE practices in

this context is challenging, primarily due to the lack of professionals
dedicated to formal RE activities [1] and the lack of techniques and
tools tailored to data-driven projects, as research tends to focus on
using AI to support RE rather than exploring how RE can enhance
the development of AI systems [3]. It is therefore not surprising
that recent studies report that practitioners consider RE to be the
most complex phase in AI-enabled system projects [21].

In addition to technical challenges, the rapid growth of AI has
prompted global regulatory initiatives such as the EU AI Act1,
OECD2, and UNESCO ethical guidelines3, Brazil’s Bill 2338/2023
[25] , and the Brazilian Plan of AI (PBIA) [20]. ISO/IEC 42001 com-
plements these efforts by providing a management framework for
responsible, auditable AI. These initiatives emphasize transparency
and understandable explanations, particularly in high-risk systems,
reinforcing the role of RE in operationalizing explainability as a
critical requirement for compliance, ethics, and stakeholder trust.

3 Related Work
Explainability in AI-enabled systems has been investigated from
multiple perspectives, including user needs, stakeholder alignment,
and practitioner viewpoints. Previous work emphasizes tailoring
explanations to different audiences.

To address communication gaps between technical teams and
users, Hoffman et al. [12] introduced the Stakeholder Playbook,
which categorizes explanation needs by audience and purpose to
help developers align explanations with stakeholder goals. Similarly,
Lakkaraju et al. [14] found that physicians and policymakers prefer
interactive, natural-language explanations, reinforcing the need for
context-aware explanation strategies.

From a practitioner perspective, Habiba et al. [30] report that
AI professionals recognize explainability as essential for achiev-
ing transparency, improving models, and mitigating bias. However,
their findings also indicate challenges in operationalizing explain-
ability across different projects, particularly due to the absence of
standardized practices.

In the context of RE and quality attributes, Habibullah et al. [10]
interviewed experts from academia and industry to assess the state
of practice regarding NFRs in AI-enabled systems, highlighting
explainability as a central concern in RE. Similarly, Haindl et al.
[11] analyzed quality attributes such as trust, explainability, and
auditability, emphasizing their role in human–AI collaboration.
Likewise, Vogelsang and Borg [32] identified an industry tension
where data scientists prioritize model performance over stakeholder
understanding, reinforcing the need to treat explainability as a first-
class requirement.

Despite these advances, unclear expectations and divergent stake-
holder perspectives persist. Stakeholder-centered approaches re-
main crucial to bridge gaps between model-generated explanations
and human understanding [29], while current interpretability meth-
ods often fall short of user needs [2].

While previous studies have investigated explainability needs,
stakeholder perspectives, and quality attributes, there is still limited
empirical evidence on how explainability is actually incorporated

1https://artificialintelligenceact.eu/the-act/
2https://www.oecd.org/en/topics/ai-principles.html
3https://unesdoc.unesco.org/ark:/48223/pf0000381137

https://artificialintelligenceact.eu/the-act/
https://www.oecd.org/en/topics/ai-principles.html
https://unesdoc.unesco.org/ark:/48223/pf0000381137
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into RE activities in real AI projects, especially in Brazilian in-
dustrial contexts. This work contributes by providing qualitative
and exploratory insights into how explainability is perceived and
addressed in practice, highlighting gaps in current RE activities
and informing opportunities for a more systematic integration of
explainability into AI-enabled systems.

4 Research Method
The following goal is formulated according to theGoal–Question–Metric
(GQM) template [26].

Examine current RE practices in AI projects for the pur-
pose of understanding with respect to practices, chal-
lenges, and practitioners’ perceptions of explainability as
a software requirement from the point of view of pro-
fessionals in the context of AI–enabled systems.

We investigate the following research questions:
• RQ1)What RE practices do professionals use to incorporate
explainability in their AI projects? This question aims to
identify how professionals use Requirements Engineering
to address explainability in AI projects.

• RQ2) What challenges do practitioners face when defining
and managing explainability requirements? This question is
motivated by the need to understand the challenges practi-
tioners face when defining and managing explainability as a
software requirement in AI projects.

• RQ3)Which quality attributes can be achieved through ex-
plainability? Answering this research question will help us
explore which quality attributes practitioners associate with
explainability, reinforcing its role as a means to an end rather
than an isolated requirement.

• RQ4)What trade-offs between explainability and other qual-
ity attributes need to be considered when integrating ex-
plainability into AI projects? The answer to this question
helps examine how professionals perceive quality attributes
that may conflict with explainability when integrating it into
AI projects.

4.1 Data Collection
The study was conducted at the Center of Excellence in Artificial In-
telligence (CEIA), affiliated with the Institute of Informatics (INF) at
the Federal University of Goiás (UFG), Brazil. CEIA is a research, de-
velopment, and innovation (RD&I) center that conducts applied AI
projects in collaboration with industry and public-sector partners.
This research was approved by the Research Ethics Committee of
the Federal University of Goiás. All participants provided informed
consent prior to the interviews.

The participants were project coordinators, researchers, and AI
professionals involved in multiple projects across domains such
as healthcare, manufacturing, energy, CRM, e-commerce, public
administration, automotive, security, education, logistics and trans-
portation, and compliance. Their experience provided a broad view
of how explainability is discussed and implemented in real-world
AI projects.

Table 1: Criteria for Considering Explainability as a Require-
ment

ID Criteria Context

1 Critical nature of the system Systems that make critical decisions for individuals,
such as medical diagnosis, credit approval, social ben-
efits authorization, or autonomous vehicles (without
human intervention).

2 Business opportunity associ-
ated — not necessarily critical

Explainability is a need or expectation of a specific
stakeholder.

3 Data bias potential The data may contain biased patterns, replicating
recurring unethical behaviors.

4 Need for compliance with legal
requirements related to privacy

The project must comply with legal and regulatory re-
quirements that demand explanations for automated
decisions, such as Brazil’s LGPD — Art. 20.

5 Requirement for expert valida-
tion

Models that require prior validation to perform spe-
cific actions (e.g., medical or legal decision support).

6 Auditability requirement — not
necessarily critical

Models that need to be auditable to identify and jus-
tify their decisions, such as in internal investigations
or bias analysis.

Participants were selected based on publicly available data from
the RD&I unit, targeting individuals directly involved in leading AI
projects. We considered only projects initiated from 2022 onward to
ensure the inclusion of recent initiatives, reflecting current practices
and challenges related to explainability in AI-enabled systems.

The dataset comprised 85 AI projects, including project titles,
coordinators’ names, email addresses, and short descriptions. Ad-
ditionally, two researchers with experience in RE established the
following criteria to identify projects with a potential demand for
explainability, as presented in Table 1.

All 85 projects met at least one of these criteria. Therefore, invi-
tations were sent via email to 16 researchers responsible for these
projects, of whom 13 agreed to participate in the study. It is worth
noting that each researcher could be responsible for one or more
projects. The participant selection followed a non-random, purpose-
ful sampling strategy targeting projects developed by the RD&I
unit that were likely to require explainability.

The invitation email included a concise description of the inter-
view’s objectives and listed the projects under the respondent’s
coordination. This procedure allowed each coordinator to select
the project with which he/she was most familiar to discuss aspects
related to explainability, resulting in 13 interviews correspond-
ing to 13 distinct projects, and ensuring a contextualized and spe-
cific discussion during the interview. To accommodate participants’
availability, we offered two participation modes: semi-structured
interviews (remote/synchronous) or semi-structured interviews
(in-person). All participants answered the same set of questions.

Participation was voluntary and non-remunerated. All inter-
views were conducted remotely, recorded via a web conferencing
platform, and automatically transcribed using online transcription
tools. Participants were informed in advance and explicitly au-
thorized the recording and transcription of their interviews. All
Personally Identifiable Information (PII) was anonymized prior to
analysis.

4.2 Interview Design
The semi-structured interview contained six main sections:

(1) Informed consent request. It describes the purpose of the
study, participant responsibilities, confidentiality rules, data
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protection measures, the voluntary nature of participation,
and the estimated duration of the interview.

(2) Preliminary concepts knowledge. We clarified the concepts re-
lated to explainability from the RE perspective. By providing
a definition, we aimed to establish a common understand-
ing to support the interview responses and to contextualize
explainability within each participant’s project.

(3) Participants’ profile. To validate the experience of the inter-
viewees regarding both the development of projects using
AI and the practice of RE.

(4) Characterization of AI projects. We analyzed the project’s
application domain, the AI tasks involved, and the presence
of RE experts in the project team.

(5) RE practice for explainability. We investigated how projects
considered the explainability requirements and how it was
addressed from the RE standpoint. To guide this investiga-
tion, we used SWEBOK [22] as a reference, which defines
the main RE activities: elicitation, analysis, specification,
validation, and management. For each of these activities,
we also asked how processes related to explainability were
conducted throughout the project.

(6) Challenges and needs related to explainability. We asked par-
ticipants about the main difficulties in implementing explain-
ability, as well as which quality attributes can be achieved
through it and the associated trade-offs.

All the questions and response options rely on a previous work
[17] in which we identify current gaps and RE practices on explain-
ability in AI-enabled systems.

The interviews were conducted individually. Most of the ques-
tions were open-ended, and not all questions were answered; if
the participant had not implemented explainability in the project,
specific RE-related questions were not applicable. This approach
enabled the collection of rich qualitative insights, as participants
elaborated on the practices they typically implement, the challenges
encountered, and their overall perspective on explainability. The
interview data are available in the online repository [18].

4.3 Interview Study Protocol
We conducted an initial pilot interview with one participant to
validate the interview guide and ensure question clarity. The pilot
participant had a strong academic and professional background in
AI and Software Engineering, with experience in applied research
and familiarity with RE practices. As no refinements were neces-
sary, we proceeded directly to the data collection phase. Individual
semi-structured interviews were then conducted between Febru-
ary and April 2025 to address the research questions. Each session
lasted approximately 50–60 minutes, totaling around 650 minutes
of recordings.

The interviews were conducted remotely using the Google Meet
platform 4. Recordings were performed with OBS Studio 5, while
automatic transcription was supported by Read.ai 6 and Tactiq.io
7. After each interview, transcriptions were manually reviewed to

4https://meet.google.com
5https://obsproject.com/pt-br
6https://www.read.ai/pt
7https://tactiq.io/pt-br

correct potential errors, and all Personally Identifiable Information
(PII) was anonymized prior to the analysis.

4.4 Data Analysis
The data from the semi-structured interviewswere analyzed through
a qualitative approach complemented by descriptive quantitative
summaries [16]. The qualitative analysis aimed to examine the 13
interviews conducted in order to answer the predefined research
questions within the GQM paradigm.

For qualitative analysis, we used coding procedures based on
GT, specifically open and axial coding, as a systematic strategy
to organize and analyze the interview data. Our objective was
not to apply GT in its entirety or to develop an emergent theory.
Nevertheless, GT coding procedures can also be applied to gain
a deeper understanding of a phenomenon while allowing prior
research questions and existing literature to inform the analysis [28].
The coding process followed a predominantly inductive approach
based on the interview data. A set of preliminary assumptions
derived from the literature was used exclusively to support the
study design and the development of the interview protocol. These
assumptions were not conceived as testable hypotheses and were
not used to guide the coding process, generate analytical categories,
or test causal relationships. Additional details on the interview
protocol are available in the supplementary material [18].

All analyses were conducted using the Atlas.ti software 8. One
author performed open coding of the transcripts for each quotation,
while another author manually reviewed the generated codes. Both
authors collaboratively discussed and decided which codes should
be retained or excluded. The analysis comprised a total of 185
quotations.

The open coding stage involved a detailed reading of the tran-
scripts to identify relevant information and associate codes with
interview quotations. These codes represented phenomena of in-
terest observed in the data. Next, axial coding was carried out to
group the identified codes according to their properties, forming
broader categories. All details regarding the coding procedure and
the generated codes are available in an online repository [18].

To ensure adequate coverage of the topics investigated, the inter-
view protocol was designed based on findings from the literature
and on RE activities described in the SWEBOK framework [22]. This
helped ensure that the interview questions systematically covered
the main RE activities, namely elicitation, analysis, specification,
validation, and management. In addition, the protocol included
questions addressing practitioners’ perceptions of the importance
of explainability and its potential trade-offs with other quality at-
tributes, such as performance and security.

5 Results and Findings
This section presents the results of the semi-structured interview
study organized according to the research questions (RQs). We
begin by presenting an overview of the participants’ profile and
the AI projects included in the study. The subsequent subsections
present the findings associated with each research question.

To complement the qualitative findings, we also report descrip-
tive quantitative summaries obtained from closed-ended questions.
8https://atlasti.com/

https://meet.google.com
https://obsproject.com/pt-br
https://www.read.ai/pt
https://tactiq.io/pt-br
https://atlasti.com/
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Table 2: Characterization of AI Projects Coordinated by In-
terviewees

ID RE Exp. Application AI Tasks Analyst
(yrs) Domain

P01 0 Manufacturing Predictive analysis, classification,
regression

No

P02 <1 Healthcare Anomaly detection, computer vi-
sion

No

P03 1–5 Energy, Manufacturing Prescriptive analysis, recommenda-
tion

No

P04 1–5 CRM, e-commerce Classification, recommendation No
P05 1–5 Manufacturing Optimization and manufacturing

processes
Yes

P06 6–10 Public administration Predictive analysis, NLP, image
recognition

Yes

P07 >10 Healthcare Discovery, descriptive, prescriptive
analysis

Yes

P08 >10 Healthcare Predictive analysis, classification Yes
P09 >10 Automotive Predictive analysis, anomaly detec-

tion, recommendation
Yes

P10 >10 Compliance NLP, recommendation, image recog-
nition

Yes

P11 >10 Automotive, Security Computer vision No
P12 >10 Education, Healthcare Classification, NLP, recommenda-

tion
No

P13 - Logistics and Trans-
portation

Robotic navigation, route optimiza-
tion, computer vision

No

5.1 Participants’ and AI Projects’ Profile
The participants’ experience varied across different levels of famil-
iarity with RE practices. Among the 13 interviewees, 11 reported
previous experience with RE practices, one participant reported
no prior experience in RE, and one participant did not answer this
question. All interviewees had at least two years of experience in
AI innovation projects.

Although most participants had previous experience with RE,
not all projects involved a dedicated requirements analyst (see Table
2). Approximately half of the projects did not include professionals
in this role, revealing a practical gap and emphasizing the need for
systematic mechanisms to handle explainability as a requirement.

We observed a significant diversity of application domains, with
a particular emphasis on critical areas such as healthcare and safety.
These contexts demand a higher degree of trust and transparency,
attributes directly associated with explainability. Finally, multiple
AI tasks were identified in the 13 projects including predictive
analysis, classification, recommendation, and computer vision. This
suggests the need for a systematic and standardized process to
effectively deal with explainability across different AI tasks. Table
2 summarizes these findings.

5.2 RE Practices and Explainability (RQ1)
We investigated RE activities and the concern with explainability
requirements in the analyzed projects. Our analysis showed that
six projects explicitly addressed explainability, and the following
subsections report the findings according to the RE activities.

Figure 1 illustrates the relationship between the presence of an
RE analyst, the level of concern for explainability, and the factors
influencing these decisions. Specifically, it shows how projects are
distributed across three categories of concern (explicit, implicit, and
none), and how these categories are associated with motivations
such as compliance requirements, client requests, lack of knowledge,
and resource constraints.

Overall, Figure 1 reveals that explicit concern for explainability
is more frequently associated with the presence of an RE analyst,
whereas projects without this role tend to exhibit implicit or no
concern. In cases of implicit concern (e.g., P01 and P02), explain-
ability was not initially treated as a structured requirement, but
rather emerged during project execution as a need to justify system
decisions.

This behavior is reflected in participants’ accounts. P01 described
a scenario in which explanations were required to support relia-
bility estimation, but were not formally treated as requirements:
“We needed to estimate reliability, which is essentially a probabil-
ity of failure. To do this, we used statistical models, and later AI
models to predict future behavior. However, this was treated as part
of the modeling process, not as an explicit requirement.” Similarly,
P02 highlighted that explainability was considered implicitly dur-
ing decision-making: “I believe we address explainability implicitly.
Many of the decisions we make depend on the results we obtain, so
there is a concern with explaining them, but without explicitly treating
it as a requirement.”

In contrast, participants who reported no concern for explain-
ability indicated that, in their view, because the project was an
AI-enabled system, limited attention was given to requirements in
general. This perspective is illustrated by P03, who stated: “Since
our main goal is to deliver AI solutions, we pay little attention to re-
quirements.” This statement suggests a conceptual framing in which
AI systems are treated primarily as model-centric solutions rather
than as software systems, which may contribute to the limited con-
sideration of RE practices, including those related to explainability.

For projects with explicit concern (e.g., P09 and P10), the primary
drivers were compliance requirements and explicit client requests.
These findings suggest that the presence of an RE analyst con-
tributes to a more systematic treatment of explainability, while its
absence is associated with weaker or more reactive consideration
of this requirement.

This interpretation is illustrated by participants’ accounts. P09
emphasized that explainability requirements were directly driven
by stakeholder demands: “It was a requirement from the client, who
needed to meet their specific needs based on the data we were pro-
viding.” Similarly, P10 associated the need for explainability with
compliance-related constraints, highlighting that system decisions
must align with legal requirements: “It is related to compliance, as
decisions need to be verified according to legal criteria.”

These observations are consistent with P06, suggesting that
although explainability is recognized as important, it may not be
systematically prioritized and is often addressed reactively. In some
cases, explainability requirements emerge implicitly throughout
project execution as a need to justify system decisions.

Table 3 summarizes the projects in which explainability was
considered, highlights each project’s application domain, the main
reasons for addressing explainability, and the RE techniques em-
ployed. The results are organized according to RE activities [22].

Elicitation. The projects that addressed explainability conducted
the elicitation phase using techniques such as interviews, docu-
ment analysis, prototyping, observation, brainstorming, scenarios,
reverse engineering, mind maps, and questionnaires, with sources
including clients, end users, technical documents, artifact reuse,
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Figure 1: AI projects requirements analyst and explainability concern (and related reasons).

Table 3: Overview of Projects and RE Practices Related to Explainability

ID Application Reason for Explainability Elicitation Technique Elicitation Analysis Technique Specification Validation
Domain Source Format Technique

P06 Compliance Compliance requirement Document analysis, interviews,
laws and regulations

Client, technical
documentation,
end user

Prioritization NL document (justification) –

P07 Healthcare Identified during prototype
validation with the client

Prototyping Client - - Prototype

P08 Healthcare Client request Document analysis, interviews, pro-
totyping

Client, artifact
reuse

Use case modeling; clustering
technique

User stories Prototype

P09 Automotive Client request Scenarios, interviews, observation Scientific papers,
technical docu-
mentation

- User interface mockup Prototype

P10 Compliance Compliance requirement Document analysis, laws and regu-
lations

Technical docu-
mentation

- Initial project stage –

P12 Education,
Healthcare

Client request Brainstorming, scenarios, reverse
engineering, interviews, mind
maps, observation, prototyping,
questionnaires

Scientific papers,
technical docu-
mentation

- - -

and scientific literature. Projects with implicit or no focus on ex-
plainability did not report formal techniques.

Participants’ accounts illustrate the diversity of elicitation prac-
tices adopted in projects with explicit concern for explainability.
P09 reported the use of scenarios, observation, and interviews to ex-
plore how explainability could be better addressed in the proposed
solution: “Scenarios were presented, and based on these scenarios we

discussed how the solution could be better proposed. We also used ob-
servation and interviews.” Similarly, P06 emphasized the importance
of interviews combined with technical and regulatory analysis: “The
elicitation was conducted through interviews. There is also a certain
understanding of the problem context involved. I would highlight in-
terviews together with the analysis of technical documentation, laws,
and regulations.”
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In particular, P12 reported the use of multiple elicitation tech-
niques and emphasized that the need for explainability was explic-
itly driven by client demands, especially in sensitive domains such
as healthcare. As noted by P12: “There must be reasons behind the
outcomes, because sometimes AI can provide results that are even
more relevant than those of specialists. This is a major concern in
healthcare, especially in mental health, where knowledge is still lim-
ited. We do not fully understand the brain, and many aspects remain
unresolved even at the state of the art. Therefore, explainability be-
comes a fundamental requirement.” This statement illustrates how
domain complexity and uncertainty reinforce the importance of
explainability as a key requirement during elicitation.

These observations indicate that elicitation practices related to
explainability are present in some projects, particularly when exter-
nal demands, domain complexity, or regulatory concerns require
greater justification of system decisions.

Analysis. Among the six projects with explicit attention to explain-
ability, four did not apply formal analysis techniques; the remaining
employed clustering, prioritization, or use-case modeling meth-
ods. All coordinators were asked about potential alignments or
conflicts between explainability requirements and other quality
attributes. Attributes most frequently perceived as associated were
trust, transparency, ethics, traceability, performance, and usability,
while conflicts were mainly reported with performance and privacy.

The lack of structured analysis is reflected in participants’ ac-
counts. P08 reported that explainability was modeled as a conven-
tional requirement: “We tried to model the explainability requirement
as a regular requirement, which resulted in an additional use case
related to predicting certain outcomes.”

However, as reported by P08, the requirement was not further
detailed, making it unclear whether such practices were sufficient
to adequately capture explainability needs.

Additionally, participants’ accounts further reinforce the relation-
ship between explainability and quality attributes. P07 emphasized
that explainability is closely related to NFR, particularly usability,
highlighting its contribution to user understanding and satisfaction:
“Explainability is strongly related to quality attributes, especially us-
ability, as it helps ensure that the system is easy to understand and
supports users in locating and interpreting information, ultimately
contributing to overall product quality and user satisfaction.” Sim-
ilarly, P13 noted that explainability tends to complement other
requirements rather than conflict with them: “I believe it comple-
ments other requirements well; it does not interfere with them, as this
is a trend we have observed.”

These observations indicate that explainability is primarily per-
ceived as complementary to other quality attributes, although trade-
offs may arise in specific contexts, particularly regarding perfor-
mance and privacy.

Participants’ accounts illustrate these trade-offs. P10 highlighted
concerns related to privacy, emphasizing the need to make system
behavior transparent without exposing sensitive information: “You
need to make clear how the system works without exposing sensitive
data, so privacy becomes a concern.” In addition, P06 pointed out a
potential tension with performance, noting that explainability may
affect model effectiveness or perception: “It is not enough for the

model to be good; it also needs to appear reliable. This may create a
trade-off with model performance.”

One participant (P11) highlighted a conceptual conflict related
to the nature of AI models: These are essentially non-deterministic
algorithms that learn patterns approximately, which may hinder the
generation of precise and complete explanations.

Overall, these findings suggest that, although trade-offs related to
explainability are recognized, they are not systematically addressed
in current RE practices. Furthermore, the limited adoption of formal
analysis techniques indicates that explainability is rarely analyzed
in a structured manner.

Specification. The documentation of explainability requirements
was limited: only three projects explicitly specified them through
user stories, user interface screens, or natural language (NL) de-
scriptions used to justify the adoption of specific algorithms. The
remaining projects did not formalize explainability requirements.

P06 reported documenting the rationale behind model choices:
“We documented why we chose to initially test tree-based models
to achieve greater specificity. This was described in a document of
fewer than 20 pages explaining this decision.” This reflects an effort
to operationalize explainability through the justification of tech-
nical choices, although not necessarily formalized as structured
explainability requirements.

P08 indicated that explainability was treated at the same level
as other requirements and specified using user stories: “We treated
this requirement at the same level as others. For example, we used a
user story such as: ‘As a medical professional, I would like the model
to provide explanations for its predictions.’”

This suggests that established RE practices may be used to sup-
port the specification of explainability requirements. However, the
level of detail remains relatively limited, and there is limited evi-
dence to assess whether the structure of these practices is sufficient
to adequately capture explainability needs. These observations sug-
gest that the specification of explainability requirements remains
limited, particularly due to the absence of evidence regarding the
adequacy and validation of the adopted approaches.

Validation. Three projects reported validation activities, where pro-
totypes were used as a means to validate explainability require-
ments through stakeholder interactions. Participants described val-
idation as an iterative process involving feedback and refinement.
For instance, P07 noted that validation played a key role in structur-
ing explainability requirements: “We first identified the requirements,
then prototyped and validated them. It was during validation that the
explainability requirement became more structured.” Similarly, P09
highlighted the importance of stakeholder feedback: “We presented
the solution and gathered their feedback.”

Coordinators were also asked which stakeholders should be
involved in explainability validation. Domain experts were the most
frequently mentioned (nine quotes), followed by business owners
and business analysts (six each), AI engineers and end users (three
each), requirements engineers (two quotes), and data scientists and
project coordinators (one each).

Participants emphasized the importance of involving multiple
roles to ensure alignment between technical solutions and stake-
holder needs. For example, P07 highlighted the relevance of domain
experts, engineers, and analysts to connect system behavior with
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real-world demands: “Domain experts, engineers, and analysts are
essential to ensure that the solution aligns with the needs and allows
revisiting models or decision criteria.” Similarly, P04 stressed the role
of domain experts, end users, and requirements engineers in bridg-
ing technical and business perspectives: “Domain experts, end users,
and requirements engineers are important, as they help connect the
solution with business needs.” These findings suggest that validation
activities are present but limited.

Management. No project with explicit concern for explainability
implemented formal management activities throughout the project
lifecycle. This finding suggests that, without structured elicitation,
analysis, and specification steps, managing explainability becomes
unfeasible or is not perceived as necessary. The absence of formal
management practices reinforces this finding.

5.3 What challenges do they face in this
process? (RQ2)

Despite its perceived benefits, participants reported several chal-
lenges that hinder the effective incorporation of explainability into
AI projects. One of the challenges reported by participants was
the lack of clear explainability objectives, reflecting uncertainty
about what should be delivered as explainability and how it should
be operationalized. As noted by P07: “I think there is also a lack of
understanding about what should actually be delivered as explainable.
In fact, it is not only a lack of understanding, but also difficulty in
recognizing the need itself.”

This lack of clarity was often compounded by practical con-
straints, including tight project deadlines, team-related issues, bud-
get limitations, and limitations in existing RE processes. P04 sum-
marized these constraints as a “triangle” involving “deadline, team,
and cost.” Similarly, P06 emphasized the challenges associated with
financial resources, infrastructure, and the absence of structured
RE processes to support explainability implementation.

In addition, many of the reported difficulties are closely related
to early RE activities, such as elicitation, analysis, and negotiation
of requirements. Participants highlighted the importance of RE pro-
cesses in improving the quality of explainability-related outcomes.
As emphasized by P07: “The Requirements Engineering process is
extremely important. One of the difficulties is that when you do not
apply it, it becomes difficult to achieve quality in the delivered solu-
tion.” Treating explainability as an explicit concern of RE can help
mitigate these challenges by clarifying stakeholder needs, aligning
expectations, and systematically managing trade-offs throughout
the project lifecycle. Figure 2-B presents the main factors identified
by practitioners as difficulties in its implementation.

5.4 Which quality attributes can be achieved
through explainability? (RQ3)

Based on data from 13 interviewees, the quality attributes most fre-
quently associated with explainability were trust and transparency,
followed by comprehensibility and user satisfaction. As noted by
P09: “I think that, in a way, it contributes a little to each one [quality
attributes], you know? And in the end, it results in satisfaction. You
convince the user. Comprehensibility comes from having more clarity.
Security is about being able to trust what is being done. Transparency

Figure 2: Explainability-related quality attributes and chal-
lenges in AI projects.

is understanding what is being done. Comprehensibility is closely re-
lated to satisfaction.” Participants also associated explainability with
security, ethical compliance, usability, and AI acceptance. These
attributes reinforce the view of explainability as a cross-cutting qual-
ity that primarily serves as ameans of achieving user-centered goals,
such as increasing users’ confidence in the system and support-
ing their understanding of system behavior and decisions. Rather
than being perceived as an end in itself, explainability is valued
for its contribution to broader quality concerns that directly affect
user experience and acceptance. Figure 2-A illustrates the quality
attributes associated with explainability.

5.5 What trade-offs between explainability and
other quality attributes need to be
considered when integrating explainability
into AI projects? (RQ4)

Although participants did not report direct conflicts between ex-
plainability and other quality attributes, they highlighted concerns
regarding unnecessary data exposure, particularly in relation to se-
curity. Furthermore, when asked whether explainability is a cultural
issue, nine out of the thirteen interviewees agreed, framing explain-
ability as a socio-technical concern rather than a purely technical
one. From a GT perspective, this perception was associated with the
codes stakeholder awareness, domain influence, and expectations
about AI capabilities. P13 explicitly described explainability as a
cultural issue, highlighting unrealistic expectations regarding AI
capabilities: “People believe that AI will solve every problem in their
lives and knows everything about everything, but that is not exactly
what AI does.”
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Similarly, P10 associated this cultural issue with the lack of for-
malization of explainability-related requirements in Software Engi-
neering practices: “I believe this is still a cultural issue, but techni-
cally there is also a lack of formalization. Today, explainability and
transparency are not properly classified as NFRs. We are still using tra-
ditional software documentation approaches to document intelligent
systems, even though these systems involve different requirements.”

These observations reinforce the need to evolve RE practices
to better support AI-enabled systems. They also highlight the role
of RE in making culturally influenced and implicit concerns about
explainability visible and systematically addressed as software re-
quirements, emphasizing the need to address explainability beyond
purely technical solutions.

6 Discussion
Our findings suggest that explainability is recognized as relevant.
However, it remains weakly institutionalized in RE practice. In
some projects, it is triggered by external demands (clients’ requests
or compliance activities) rather than being addressed proactively
as part of RE activities. This indicates a gap between the concep-
tual importance of explainability in the literature and its proper
operationalization in real AI projects. In this section, we discuss
the results according to the RQ.

RQ1 - What RE practices do professionals use to incorpo-
rate explainability in their AI projects?

Our findings indicate that practitioners employ a variety of elic-
itation techniques, such as interviews, document analysis, proto-
typing, scenarios, and observation, to elicit explainability-related
requirements. However, these practices are not consistently fol-
lowed by RE analysis, specification, validation, and management
activities. This suggests that explainability is considered during
elicitation but is rarely refined, documented, validated, and man-
aged throughout the RE lifecycle. As a consequence, explainability
tends to remain an implicit consideration rather than a system-
atically documented and maintained software requirement. This
lack of continuity across RE activities may hinder the refinement,
documentation, traceability, validation, and long-term evolution
of explainability requirements, making their treatment dependent
on project-specific decisions rather than on a systematic RE pro-
cess. These findings reinforce the need to integrate explainability
across the different RE activities from the early stages of project
conception. They also highlight opportunities for RE approaches
that provide systematic support for eliciting, analyzing, specifying,
validating, and managing explainability requirements throughout
the software development lifecycle.

RQ2 - What challenges do they face in this process? Our
findings indicate that practitioners mainly struggle to understand
what should be delivered as explainability, revealing both concep-
tual and practical barriers. A key challenge is the lack of clarity
regarding the expected explainability outcomes, suggesting that ex-
plainability is still not sufficiently defined or operationalized within
RE practices. This lack of conceptual clarity is further reinforced by
limitations in the current state of the art, indicating that existing
tools and methodologies do not yet provide sufficient support to
address explainability demands. In addition, communication with
stakeholders emerged as another relevant challenge, which may

be aggravated by the absence of RE processes that explicitly incor-
porate explainability from the early stages of development. These
findings suggest that addressing explainability requires more than
technical solutions. It also requires structured RE practices that pro-
vide practical guidance for incorporating explainability throughout
the RE process, fostering a shared understanding among develop-
ment teams, users, and stakeholders.

RQ3 - Which quality attributes can be achieved through
explainability? Our findings indicate that explainability is per-
ceived as an enabler of multiple quality attributes rather than as
an isolated characteristic of AI systems. Participants associated ex-
plainabilitywith increased trust, transparency, user satisfaction, and
understanding, while also highlighting its contribution to usability,
security, ethical compliance, and AI acceptance. These findings
suggest that the value of explainability extends beyond making
AI models interpretable. Instead, explainability contributes to im-
proving how users understand, interact with, and trust AI systems,
demonstrating its influence on both technical and human-centered
quality concerns. Taken together, these results reinforce the view of
explainability as a user-centered software requirement whose ben-
efits extend across multiple quality attributes. This highlights the
importance of considering explainability from the early stages of RE
to ensure that these quality attributes are systematically addressed
throughout the development process.

RQ4 - What trade-offs between explainability and other
quality attributes need to be considered when integrating
explainability into AI projects? The results show that partic-
ipants did not report direct conflicts between explainability and
other quality attributes, such as performance and security. How-
ever, they indicated that explainability should consider risks related
to unnecessary data exposure, particularly in relation to security
concerns. These findings suggest that the main challenge is not
the existence of direct trade-offs between explainability and other
quality attributes, but rather ensuring that explainability is im-
plemented without compromising sensitive information. Beyond
technical considerations, participants’ accounts also suggest that
organizational and cultural aspects constitute relevant barrier to
the effective integration of explainability in AI projects. In this
sense, culture does not emerge as a traditional quality trade-off, but
rather as a socio-technical constraint that influences how explain-
ability is interpreted, valued, and operationalized alongside other
quality attributes. Taken together, these findings reinforce that in-
tegrating explainability into AI projects requires considering both
technical and organizational aspects, highlighting the importance
of incorporating explainability throughout the RE process rather
than addressing it only during implementation.

6.1 Practical Implications and
Recommendations

Based on the previous discussion, we summarize practical implica-
tions and recommendations for explainability-enabled AI projects:

Explainability from the project’s early stages: It should be
treated as an NFR from the design stage and planned alongside
attributes such as trust, transparency, satisfaction, and usability.

Integrate explainability systematically into RE phases:
Explainability is often limited to elicitation, without analysis or
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documentation. It is recommended to adopt a complete RE pro-
cess—including analysis, specification, and validation—to ensure
traceability and maintenance throughout the system lifecycle.

Conceptual clarity and practical guidelines: The unclear
definition of explainability underscores the need for guidelines,
examples, and standards that translate the concept into verifiable
and implementable requirements.

External factors and business value: The inclusion of explain-
ability is often motivated by customer or compliance requirements.
Organizations should also recognize it as a competitive advantage
and value-added attribute.

Stakeholder communication: Explainability should be explic-
itly approached as a user-centered concern, aligned with users’ and
stakeholders’ profiles, knowledge levels, and expectations. Explana-
tions must be intelligible, relevant, and meaningful to their intended
audience, rather than generic or purely technical. Engaging stake-
holders early supports a shared understanding of explainability
goals and ensures that explanations effectively address users’ needs
and contexts of use.

Quality and security: When assessing explainability, data pro-
tection and privacy must be ensured so that transparency does not
compromise security or expose sensitive information.

7 Threats to Validity
We discuss the threats to validity and limitations of our study [24].

Construct validity: To strengthen construct validity, the interview
protocol was grounded in RE activities defined in SWEBOK [22], en-
suring alignment between the interview questions, the investigated
constructs, and the research objectives. The interview guide was
also reviewed by the research team prior to data collection. Never-
theless, differences in participants’ interpretation of explainability
may have influenced the responses.

Internal validity: To mitigate this threat, interviews were con-
ducted with experienced AI professionals, and participants were
encouraged to report their actual practices regarding explainabil-
ity requirements. We also minimized social desirability bias [8] by
emphasizing that there were no right or wrong answers. However,
participants’ perceptions and organizational context may still have
influenced the findings.

External validity: A notable threat is the limited transferability of
the results, as the study was conducted within a single RD&I organi-
zation. Although we sought to mitigate this limitation by including
participants with different professional roles and experience, as
well as projects from diverse application domains (Manufacturing,
Healthcare, Energy, CRM, E-commerce, Public Administration, Au-
tomotive and Security, Education, Logistics and Transportation,
and Compliance), the findings may not transfer to organizations
with different levels of maturity, domains, or development practices.
Therefore, the results should be interpreted as context-dependent.

Reliability: To improve reliability, data analysis followed system-
atic open and axial coding procedures. Open coding was performed
by one author and reviewed by another, while axial coding was
performed collaboratively. Weekly meetings and brainstorming
sessions were held to discuss coding decisions and consolidate the
findings. Although these measures reduced researcher bias, some
degree of interpretation remains inherent to qualitative analysis.

8 Conclusions and Future Work
In this study, we conducted semi-structured interviews with 13
AI professionals to investigate how they perceive and address ex-
plainability in their projects. The main contribution of this study
is an empirical characterization of how explainability is addressed
throughout RE activities in real AI-enabled projects. The results
indicate that, although explainability is widely recognized as impor-
tant, its treatment as a requirement remains limited. In projects that
consider explainability, elicitation is more consistently performed,
while other RE activities (e.g., analysis and specification) are often
overlooked, even when a requirements analyst is involved. This
reveals a gap between the recognized importance of explainability
and its effective operationalization throughout the RE process. Im-
plementing explainability also faces several challenges, including
a lack of understanding of what should be delivered, limitations
of existing methods and tools, and communication issues among
stakeholders.

Despite these challenges, the findings suggest that explainabil-
ity should be systematically considered from the early stages of
AI-enabled system development. Treating it only after model im-
plementation may limit its potential to support design decisions
and stakeholder communication. As a cross-cutting quality concern
closely related to trust and transparency, explainability should also
be balanced with data protection and privacy requirements.

These findings, together with prior studies [17, 19], motivated
the development of an RE framework to systematically incorpo-
rate explainability throughout RE activities. The current version
supports key activities from the Inception and Elaboration phases,
including the definition of the explainability vision, elicitation, and
specification through user stories. Preliminary validation using
illustrative scenarios provides initial evidence of its feasibility and
practical applicability. As future work, the framework will be ex-
tended to additional RE phases and evaluated through real-world
case studies to assess its applicability and effectiveness in support-
ing explainability in AI-enabled systems.
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available at https://doi.org/10.5281/zenodo.21415990 . The repos-
itory contains the interview protocol, study design, GQM model,
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