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Abstract. Context: The growing adoption of Artificial Intelligence
(AI) in decision support systems operating on sensitive data has intensi-
fied demands for transparency, accountability, and privacy protection. In
these contexts, explainability and privacy preservation often emerge as
competing non-functional requirements. While explainable AI techniques
aim to improve transparency and justification of automated decisions,
privacy-preserving mechanisms restrict information disclosure to pro-
tect sensitive data, creating inherent tensions that remain insufficiently
understood from a Requirements Engineering perspective. Goal: This
study investigates how explainability and privacy requirements interact
in AI-based decision support systems, focusing on identifying compati-
bility conditions, trade-offs, and stakeholder expectations. Method: We
adopted a qualitative approach combining a structured literature anal-
ysis with an exploratory focus group involving eight stakeholders from
technical, managerial, and governance roles. Results: The findings indi-
cate that explainability and privacy-preserving techniques are compatible
only under context-dependent conditions. Participants perceived global
and aggregated explanations as more appropriate for privacy-constrained
environments, whereas local explanations raised higher risks of informa-
tion disclosure. Stakeholders also emphasized that explanations should
be role-appropriate rather than maximally transparent. Conclusion: By
conceptualizing explainability and privacy as competing non-functional
requirements, this study provides a stakeholder-centered perspective that
supports requirements elicitation, analysis, and negotiation in the design
of trustworthy and privacy-preserving decision support systems.

Keywords: Requirements Engineering, Explainable Artificial Intelligence,
Privacy-Preserving Systems, Non-Functional Requirements, Decision Sup-
port Systems.

1 Introduction

The increasing adoption of Artificial Intelligence (AI) in information systems
has intensified demands for transparency, accountability, privacy protection and
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trustworthiness, particularly in decision support scenarios involving sensitive
data [5, 25]. In many domains, automated decisions influence high-impact con-
texts such as healthcare, finance, and public administration, where stakeholders
require not only accurate predictions but also understandable and justifiable
system behavior.

These expectations are reinforced by regulatory frameworks that impose
obligations related to transparency and accountability in automated decision-
making. Prominent examples include the General Data Protection Regulation
(GDPR) [8], the Brazilian General Data Protection Law (LGPD) [6], and the
European AI Act [20], which introduce requirements for transparency, documen-
tation, and, in some contexts, explanations of automated decisions [15]. Beyond
binding legislation, international governance frameworks such as the UNESCO
Recommendations on Artificial Intelligence [22], the OECD Principles on AI [13],
and the NIST AI Risk Management Framework [12] further emphasize explain-
ability as a key principle for trustworthy AI systems.

From a system design perspective, these expectations introduce important
implications for Requirements Engineering. Explainability, privacy protection,
accountability, and trust can be understood as non-functional requirements that
shape the behavior and governance of AI-based systems. However, these require-
ments may conflict in practice. While Explainable Artificial Intelligence (XAI)
techniques aim to reveal information about model behavior to support trans-
parency and auditing [5], many ML-based systems operate under strict privacy
constraints and rely on privacy-preserving mechanisms such as differential pri-
vacy, federated learning, secure computation, and data anonymization [2]. These
techniques intentionally restrict information disclosure, creating a fundamental
tension between transparency and privacy.

Recent research shows that this tension is not merely conceptual. Explana-
tions themselves may expose sensitive information about training data or model
behavior, potentially enabling attacks such as membership inference or model
extraction [3, 9]. At the same time, explainability has been widely recognized
as a key factor influencing trust and adoption in decision support systems [18].
Empirical evidence suggests that explanations can improve users’ confidence in
ML-based decisions, although their effectiveness depends on context, explana-
tion type, and stakeholder expertise [25]. In privacy-sensitive domains, such as
healthcare and public administration, explainability is closely tied to account-
ability and responsibility, yet excessive transparency may conflict with data pro-
tection requirements [17].

From a Requirements Engineering perspective, these tensions reflect the
broader challenge of eliciting and negotiating competing non-functional require-
ments. This requires making trade-offs explicit during requirements elicitation,
analysis, and specification. Different stakeholders including developers, man-
agers, privacy professionals, and decision-makers may require different forms
and levels of explanation depending on their responsibilities and risk exposure.
Understanding how these perspectives influence explainability and privacy re-
quirements is therefore essential to support informed design decisions. Motivated



by these challenges, this paper investigates the interplay between explainability
and privacy-preserving mechanisms in AI-based decision support systems. The
study explores how stakeholders perceive these requirements and how trade-offs
emerge during system design. The following research questions guide this work:

RQ1: What explainability requirements are compatible with privacy-preserving
requirements in AI-based decision support systems, and what trade-offs
emerge between them?

RQ2: How do different stakeholders perceive trust, accountability, privacy and
explanation needs, and how can these perspectives inform requirements
elicitation and negotiation?

To address these questions, we combine a structured literature analysis with
an exploratory focus group involving stakeholders from technical, managerial,
and governance roles. This approach integrates conceptual insights from prior
research with empirical perspectives from practitioners involved in the design
and operation of software-intensive systems. Accordingly, the study examines
how explainability and privacy can be captured, negotiated, and documented as
interacting requirements in decision support systems.

This paper makes the following contributions: 1) A synthesis of representative
literature on XAI in privacy-preserving environments, structured across expla-
nation mechanisms, privacy techniques, trade-offs, and stakeholder perspectives
(Table 1); 2) Empirical insights from a multi-stakeholder focus group that re-
veal how practitioners perceive compatibility constraints and trade-offs between
explainability and privacy; and 3) A stakeholder-centered perspective that sup-
ports the elicitation and negotiation of explainability and privacy requirements
in AI-based decision support systems.

2 Background and Related Work

Privacy-preserving machine learning techniques such as Differential Privacy (DP),
Federated Learning (FL), homomorphic encryption, secure computation, and
anonymization aim to minimize information leakage while enabling data-driven
decision-making. In contrast, XAI techniques intentionally expose information
about model behavior to support transparency and accountability. This creates
an inherent tension that has been increasingly recognized in recent literature.

Several studies demonstrate that explanations may inadvertently amplify
privacy risks by revealing sensitive patterns, feature contributions, or decision
boundaries [3, 19, 21]. In particular, post-hoc explanation techniques such as fea-
ture importance scores and counterfactual explanations can facilitate privacy at-
tacks, including membership inference, model extraction, and inversion attacks
when deployed without safeguards [9]. These findings highlight that explain-
ability mechanisms must be carefully designed when applied in privacy-sensitive
environments.



Recent work has also explored the practical integration of XAI with privacy-
preserving techniques. For example, Senevirathna et al. [16] propose a model-
agnostic development process that integrates privacy, accountability, and re-
silience objectives alongside model utility. Their results show that widely used
XAI techniques such as SHAP, LIME, and Layer-wise Relevance Propagation
(LRP) remain applicable in privacy-preserving settings such as DP and FL, but
introduce measurable trade-offs. Strong privacy guarantees may reduce predic-
tive utility and explanation fidelity, while explanations themselves can still reveal
abnormal model behavior through attribution analysis.

Complementary studies investigate privacy-aware explainability under formal
constraints, showing that stronger privacy protection may significantly degrade
explanation precision [4, 1]. Overall, existing evidence suggests that combining
XAI mechanisms with privacy-preserving techniques is feasible but inherently
conditional on context-specific trade-offs. Factors such as explanation granu-
larity, privacy budget, and system architecture influence how these techniques
interact. However, existing studies remain fragmented and often focus on isolated
technical aspects rather than integrated system design decisions.

Beyond technical compatibility, explainability plays an important socio-technical
role in fostering trust and accountability in decision support systems. Prior re-
search shows that explanations can increase users’ confidence in automated de-
cisions, although the effect depends on factors such as explanation type, task
complexity, and user expertise [25]. In privacy-sensitive domains such as health-
care, finance, and public administration, explainability is closely linked to ac-
countability rather than simple interpretability. Decision support systems must
provide explanations that enable auditing, contestation, and justification of de-
cisions, while still respecting data protection constraints [17, 14]. This creates a
delicate balance between transparency and privacy protection.

From an organizational perspective, explainability and privacy should not be
maximized independently but balanced strategically. Managerial oriented studies
describe privacy-aware explainability as a multi-level construct in which different
stakeholders require different levels of transparency to support trust, account-
ability, and regulatory compliance [10]. Despite these advances, the literature
still lacks a consolidated understanding of how explainability levels influence
stakeholders’ perceptions of trust and accountability in privacy-preserving de-
cision support systems. Many studies focus either on technical robustness or
user trust, rarely integrating these perspectives. To consolidate the discussion,
Table 1 synthesizes representative studies according to four dimensions: XAI
mechanisms, privacy-preserving techniques, identified trade-offs, and targeted
stakeholders. The synthesis highlights that existing work often emphasizes ei-
ther technical compatibility or trust-related outcomes, but rarely examines both
dimensions simultaneously.

The synthesis shows that existing studies address explainability and privacy
from security-oriented, governance-oriented, or user-centered perspectives, but
rarely in an integrated manner. While several works demonstrate the feasibil-
ity of combining XAI with privacy-preserving techniques, they consistently re-



Table 1. Synthesis of prior work on XAI and privacy-preserving systems

Study XAI Mechanisms Privacy-Preserving
Techniques

Key Trade-offs Identified Primary Stake-
holders

[9] Feature importance,
counterfactual explana-
tions

Implicit privacy con-
straints, exposure anal-
ysis

Explanations may enable membership
inference, model extraction, and inver-
sion attacks; increased transparency
can amplify privacy leakage

Service
providers, audi-
tors

[16] SHAP, LIME, LRP;
accountability met-
rics (e.g., stabil-
ity/consistency)

Federated learning, ac-
cess control, blockchain
audit trails

Improved accountability and au-
ditability at the cost of increased
system complexity and governance
overhead

System opera-
tors, compliance
officers

[25] Model-agnostic and
model-specific explana-
tions

Not explicitly addressed Explainability generally increases
trust, but effects depend on explana-
tion type, user expertise, and context;
privacy aspects remain underexplored

End-users,
decision-makers

[17, 14] Post-hoc explanations
for decision support

Data minimization,
consent, regulatory
safeguards

Need to balance meaningful explana-
tions with strict privacy and confiden-
tiality requirements

Clinicians, pa-
tients, regulators

[10] Layered and role-aware
explanations

Privacy-by-design
strategies, access con-
trol

Explainability must be tailored to
stakeholder roles; organizational and
governance trade-offs dominate purely
technical considerations

Managers, com-
pliance officers

[24] Not the primary focus Differential Privacy Improved privacy leads to reductions
in accuracy and fairness, revealing un-
avoidable multi-dimensional trade-offs

ML practi-
tioners, policy
makers

[23] Explainability cues,
transparency mecha-
nisms

Privacy and security
controls

Maximizing transparency, privacy,
and efficiency simultaneously is
infeasible; design requires explicit
prioritization

Managers, sys-
tem designers

[7] Confidence scores,
uncertainty communi-
cation

Applicable in privacy-
sensitive settings with-
out exposing raw data

Confidence cues may worsen trust cal-
ibration and appropriate reliance un-
der knowledge mismatch

End-users,
decision-makers

port trade-offs affecting model utility, explanation fidelity, and system complex-
ity. In addition, stakeholders’ trust and accountability requirements are often
considered only implicitly or for specific audiences. These gaps motivate the
research questions investigated in this paper, which aim to analyze both the
technical compatibility and stakeholder-level implications of explainability in
privacy-preserving decision support systems.

3 Research Method

This study adopts a qualitative multi-method research design that combines a
structured literature analysis with an exploratory focus group study [11]. The
goal is to investigate explainability privacy trade-offs from both a conceptual
and practitioner-oriented perspective, addressing RQ1 and RQ2. Qualitative ap-
proaches are widely recommended in empirical software engineering and infor-
mation systems research when exploring complex socio-technical phenomena and
stakeholder perceptions [11]. The adopted design integrates insights from the lit-
erature with practitioner perspectives, enabling both conceptual synthesis and
empirical grounding. The analysis was oriented toward identifying requirements
interactions, stakeholder concerns, and trade-offs relevant to Requirements En-
gineering.

Figure 1 summarizes the research process. The study follows a sequential de-
sign consisting of two main phases: (i) a structured analysis of representative lit-
erature on XAI and privacy-preserving techniques, and (ii) an exploratory focus
group with stakeholders involved in AI-enabled decision support systems. The
integration of both phases enables the identification of explainability–privacy
trade-offs and their implications for trust and accountability.



Structured Literature
Analysis

Comparative Synthesis
& Table 1

Exploratory Focus Group
(8 stakeholders, 1h40m)

Integrated Analysis
(RQ1 & RQ2)

Identification
& selection

XAI × Privacy
Trade-offs × Stakeholders

Semi-structured
discussion + coding

Findings
& implications

Fig. 1. Overview of the research method.

The first phase consisted of a structured analysis of representative literature
on Explainable Artificial Intelligence (XAI) and privacy-preserving techniques.
Rather than performing a full systematic literature review, the goal was to iden-
tify influential studies discussing technical, organizational, and governance impli-
cations of explainability under privacy constraints. Relevant studies were identi-
fied through targeted searches in bibliographic sources such as DBLP and Google
Scholar using combinations of keywords related to explainability (e.g., “Explain-
able AI”, “XAI”, “interpretable machine learning”) and privacy (e.g., “privacy-
preserving”, “differential privacy”, “federated learning”, “data protection”). The
selection prioritized peer-reviewed publications, recent surveys, and conceptual
works published from 2018 onwards addressing explainability in privacy-sensitive
contexts.

For each selected study, information was extracted along four analytical di-
mensions: (i) XAI mechanisms, (ii) privacy-preserving techniques, (iii) reported
trade-offs between explainability, privacy, and system utility, and (iv) stake-
holder groups addressed. These dimensions guided the synthesis presented in
Section 2 and Table 1. To complement the conceptual synthesis, an exploratory
focus group was conducted to capture practitioner perspectives on explainabil-
ity and privacy trade-offs. The synthesis was used as input to plan the focus
group (invited roles, guiding questions, and themes), allowing for an integrated
analysis directly connected to the QPs. Focus groups are widely used in em-
pirical software engineering to elicit expert insights and collective reflections on
emerging socio-technical challenges [11]. The focus group included eight partic-
ipants representing different stakeholder roles associated with privacy-sensitive
AI systems. Participants were selected through purposive sampling based on
their professional experience with AI systems, data protection, or organizational
decision-making. Recruitment was conducted through the authors’ professional
networks, a common practice in exploratory qualitative studies [11].

The composition of the group ensured diversity of perspectives, including
technical, managerial, and governance-oriented roles, enabling the discussion of
explainability requirements across different stakeholder viewpoints. A single fo-
cus group session was conducted with a duration of approximately one hour and
forty minutes. The session followed a semi-structured format, allowing guided
discussion while enabling participants to elaborate on their experiences and per-
spectives.

The discussion was organized around thematic blocks aligned with the re-
search questions, including explainability under privacy constraints, transparency
versus data protection trade-offs, stakeholder-specific explanation needs, and im-



plications for trust and accountability. A moderator facilitated the discussion,
ensuring balanced participation and avoiding influence on participants’ opinions,
following methodological recommendations for focus group studies [11].

The session was audio-recorded with participants’ consent and subsequently
transcribed for analysis. The analysis followed an issue-based qualitative ap-
proach, where statements were coded and grouped into themes related to ex-
plainability mechanisms, privacy concerns, trust, and accountability. Coding was
conducted iteratively. Initial open codes were assigned to meaningful excerpts
and later consolidated into higher-level themes aligned with RQ1 and RQ2. Di-
vergent interpretations were discussed among the authors until consensus was
reached. The goal was to capture convergent and divergent perspectives across
stakeholder roles rather than quantify responses. Participation was voluntary
and only anonymized data were reported; therefore, no formal ethics committee
approval was required.

4 Results

The focus group involved eight participants selected through purposive sampling
based on their experience with software-intensive systems, artificial intelligence,
data protection, or organizational decision-making (Table 2). Participants are
identified using anonymized labels (P1–P8). The group was intentionally com-
posed to represent diverse stakeholder perspectives relevant to privacy-preserving
decision support systems. Participants had an average of approximately seven
years of professional experience. Their ages ranged from 32 to 48 years, and their
educational backgrounds included undergraduate degrees, master’s degrees, and
current master’s students. This diversity supported the discussion of both techni-
cal and organizational concerns while ensuring a shared baseline understanding
of the topic.

Table 2. Profile of focus group participants

ID Role Age (years) Experience Educational Level
P1 Developer 32 6 years Undergraduate degree
P2 ML Engineer 34 7 years Master’s student
P3 Project Manager 38 6 years Master’s student
P4 Product Owner 41 9 years Master’s degree
P5 Privacy Professional 36 7 years Master’s degree
P6 Compliance Professional 39 6 years Master’s degree
P7 Decision-maker 45 8 years Master’s degree
P8 Decision-maker 48 10 years Master’s degree

The focus group was guided by open-ended questions designed to elicit par-
ticipants’ perceptions of explainability in privacy-preserving systems. The dis-
cussion focused on three main aspects: (i) what constitutes an adequate explana-
tion under privacy constraints, (ii) which trade-offs emerge when explainability
increases, and (iii) how different stakeholders interpret explanations in terms
of trust and accountability. Table 3 summarizes the guiding questions used to
structure the session.



Table 3. Guiding questions used in the focus group

Theme Guiding Question
Explainability What does an adequate explanation mean in systems that operate under strict privacy con-

straints?
Trade-offs In which situations can increasing explainability pose risks to privacy or data protection?
Stakeholder needs Do different stakeholders require different levels or types of explanations? Why?
Trust What types of explanations increase or decrease your trust in privacy-preserving decision sup-

port systems?
Accountability What information or explanations are necessary to support accountability and decision justifi-

cation in such systems?
Design implications How should organizations decide the appropriate level of explainability when privacy constraints

are present?

4.1 RQ1. What explainability needs emerge in privacy-preserving
decision support systems, and what trade-offs constrain them?

The focus group results indicate that explainability is perceived as necessary
even in privacy-preserving decision support systems, but not as unrestricted
transparency. Participants consistently argued that explanations must be useful
enough to support understanding and action, while remaining bounded by pri-
vacy constraints. In this sense, explainability was framed as a context-dependent
requirement shaped by technical feasibility, sensitivity of the data, and stake-
holder role. This characterization is consistent with treating explainability as a
non-functional requirement that must be negotiated against privacy constraints.

A first recurrent finding concerns the conditional compatibility between
explainability and privacy-preserving techniques. Participants agreed that ex-
plainability and privacy are not mutually exclusive, but compatibility depends
on the granularity of the explanation. Global, aggregated, or model-level expla-
nations were perceived as more feasible in privacy-sensitive settings than local
or instance-level explanations, since they reduce the risk of exposing information
about specific records or sensitive features.

“You can still explain how the model behaves overall, even in a federated
or privacy-preserving setting, as long as you avoid exposing individual data
points or specific feature values.” (P2, ML Engineer)
At the same time, participants highlighted that more detailed explanations,

although potentially useful for debugging and operational decision-making, may
become privacy risks. In particular, local explanations and counterfactuals were
perceived as more difficult to reconcile with regulated or sensitive environments.

“Local explanations can be very useful, but they also feel dangerous in sen-
sitive systems, because you may end up revealing more about the data than
you initially intended.” (P5, Privacy Professional)
A second major finding refers to the trade-offs between explainability,

privacy, and utility. Participants repeatedly stated that stronger privacy guar-
antees tend to reduce explanation fidelity, actionability, and system utility. Ex-
planations become more generic, which may preserve confidentiality but also
limit their usefulness for investigation, debugging, or operational justification.

“When we apply stronger privacy mechanisms, the explanations become
more generic and sometimes less actionable, which limits their usefulness
for debugging or decision support.” (P1, Developer)



This trade-off was not interpreted as a purely technical limitation. Rather,
participants described it as a design and governance decision, in which
teams must balance legal risk, stakeholder expectations, and operational needs.
In this sense, explainability was viewed less as a fixed property and more as a
negotiated requirement.

“Deciding how much to explain is ultimately a governance decision. We have
to weigh transparency against legal risk, performance, and the expectations
of different stakeholders.” (P4, Product Owner)
A third result concerns technical and organizational constraints. Partic-

ipants mentioned increased computational overhead, lower model performance
under strong privacy guarantees, reduced debuggability, and the lack of clear
organizational guidance on how to operationalize explainability under privacy
constraints. This lack of standardization was perceived as especially problematic
in regulated settings.

“There is no clear reference on how much explanation is enough in privacy-
sensitive systems, so teams end up making isolated decisions that are diffi-
cult to justify later.” (P7, Decision-maker)
The results suggest that explainability in privacy-preserving decision support

systems should be understood as a constrained requirement, shaped by trade-offs
among privacy protection, explanation usefulness, and system performance.

RQ1 Summary

Privacy-preserving decision support systems still require explainability,
but in bounded and context-dependent forms. Participants perceived
global and aggregated explanations as more compatible with privacy
constraints than local or instance-level explanations. Stronger privacy
guarantees tend to reduce explanation fidelity and usefulness, revealing
unavoidable trade-offs between privacy, explainability, and utility. These
trade-offs were interpreted not only as technical constraints, but also as
governance and design decisions that require explicit prioritization and
justification.

4.2 RQ2. How do explainability privacy trade-offs affect
stakeholders’ trust and accountability requirements?

The findings related to RQ2 indicate that explainability affects trust and ac-
countability in different ways depending on stakeholder role. Participants did
not equate better explanations with maximal transparency. Instead, they empha-
sized that explanations must be appropriate to the stakeholder’s responsibilities,
level of expertise, and exposure to risk. Regarding trust, participants associated
higher trust with explanations that were understandable, role-appropriate, and
sufficient for practical sense-making. In privacy-sensitive environments, trust was
not linked to seeing all internal details of the model, but rather to receiving an
explanation that supports a credible understanding of the decision.



“I don’t need to see all the data or the internal details of the model. What
builds trust for me is understanding the logic behind the decision in a way
that makes sense for my role.” (P8, Decision-maker)
Several participants also noted that too much detail may reduce trust instead

of improving it, either because it increases cognitive burden or because it raises
concerns about possible privacy exposure.

“When explanations become too detailed, especially in systems handling sen-
sitive data, it actually makes me more uncomfortable than confident.” (P5,
Privacy Professional)
With respect to accountability, participants stressed that explanations

serve a different purpose. In this case, the main concern was not simply un-
derstanding the decision, but being able to justify it, document it, and defend
it over time in audits, disputes, or compliance processes. Explanations therefore
need to be stable, traceable, and defensible.

“In audits or legal discussions, we are not asked how the model works inter-
nally, but why a specific decision was made and whether it can be justified.”
(P4, Product Owner)

“For accountability, explanations need to be consistent and defensible over
time, not just intuitive at the moment they are presented.” (P6, Compliance
Professional)
A third recurrent theme was the stakeholder-dependent nature of ex-

plainability requirements. Participants agreed that developers, managers,
compliance professionals, and decision-makers need different forms and levels of
explanation. As a result, a single explanation strategy was perceived as insuffi-
cient for simultaneously satisfying trust and accountability across all stakeholder
groups.

“What makes sense for a developer is very different from what a manager
or an end user needs. Trying to force a single type of explanation usually
satisfies no one.” (P2, ML Engineer)
Taken together, these findings suggest that explainability in privacy-preserving

systems should be designed as a layered and role-aware capability. The explain-
ability level that supports trust for one stakeholder may not be the same level
needed to support accountability for another.

RQ2 Summary

The findings indicate that explainability affects trust and accountabil-
ity through stakeholder-specific requirements. Trust was associated with
understandable and role-appropriate explanations rather than full trans-
parency. Accountability, in turn, required explanations that were stable,
traceable, and defensible over time. Participants consistently emphasized
that different stakeholders require different explanation levels and for-
mats, suggesting that privacy-preserving decision support systems should
adopt layered and role-aware explanation strategies.



Discussion

The findings related to RQ1 indicate that explainability and privacy-preserving
techniques are compatible only under context-dependent conditions. Both the
literature and the focus group participants emphasized that global or aggre-
gated explanations are generally more feasible in privacy-sensitive environments,
whereas local or instance-level explanations introduce higher risks of information
leakage. This observation aligns with prior studies showing that techniques such
as differential privacy, federated learning, and secure computation constrain the
granularity and fidelity of explanations [16]. Moreover, explanations themselves
may act as attack surfaces when transparency is not properly governed [19, 21].

These results reinforce that explainability privacy trade-offs are structural
rather than incidental. Increasing privacy guarantees often reduces model accu-
racy, fairness, or interpretability [24]. Participants also highlighted that these
trade-offs are not purely technical but organizational decisions shaped by reg-
ulatory exposure, operational needs, and stakeholder expectations, consistent
with socio-technical perspectives on trustworthy AI [10, 23]. From a Require-
ments Engineering perspective, explainability and privacy should therefore be
treated as interacting non-functional requirements negotiated during system de-
sign. This implies the need to explicitly document rationale, priorities, and ac-
ceptable trade-offs during requirements analysis.

The results related to RQ2 indicate that explainability influences both trust
and accountability in privacy-preserving decision support systems. Participants
emphasized explanations that are understandable and aligned with stakeholders’
roles rather than maximally detailed, supporting prior work highlighting the con-
textual nature of effective explainability [25]. They also distinguished between
explanations supporting trust focused on sense-making and those supporting
accountability, which must enable justification, auditing, and external scrutiny.
Prior research shows that certain explanation cues, such as confidence scores,
may not improve appropriate reliance and can even degrade decision quality [7].
The findings reinforce the stakeholder-dependent nature of explainability. De-
velopers, managers, privacy professionals, and decision-makers require different
forms and levels of explanation, supporting proposals for layered and role-aware
explainability strategies [10]. From an accountability perspective, explanations
must remain consistent, traceable, and defensible over time to support regulatory
compliance and organizational learning [16].

6 Threats to Validity

This study is subject to limitations inherent to exploratory qualitative research
[26]. Construct validity may be affected by the interpretation of abstract con-
cepts such as explainability, trust, and accountability. To mitigate this risk, the
focus group questions were grounded in prior literature and discussed with par-
ticipants from different stakeholder roles. Internal validity may be influenced
by researcher bias in moderation and analysis. This risk was reduced through



the use of a semi-structured protocol and iterative coding focused on recurring
themes rather than isolated opinions. External validity is limited by the small
number of participants and the use of purposive sampling, which restrict broad
generalization. However, the study aims at analytical rather than statistical gen-
eralization, relating empirical findings to existing literature.

7 Conclusions

This paper investigated explainability in privacy-preserving decision support sys-
tems from a requirements-oriented perspective, combining a structured literature
analysis with an exploratory focus group. The results show that explainabil-
ity and privacy are not inherently incompatible, but their integration involves
unavoidable trade-offs. Explanations considered more useful for operational un-
derstanding, such as local and instance-level ones, were also perceived as more
privacy-sensitive, whereas global and aggregated explanations were seen as safer
but less actionable. The study also showed that explainability requirements vary
across stakeholders. Trust was associated with role-appropriate and understand-
able explanations, while accountability depended on explanations that are con-
sistent and defensible over time. These findings suggest that explainability in
privacy-preserving systems should be designed as a layered and stakeholder-
aware requirement, rather than as a single uniform feature.

The main contribution of this work is to frame explainability as a socio-
technical and governance concern in requirements engineering, not only as a
model-level property. For practice, the results suggest the need to elicit ex-
plainability requirements together with privacy constraints, documenting explicit
trade-offs and stakeholder-specific needs. Future work may extend this study
through additional empirical investigations in other domains and by proposing
a requirements-oriented framework to guide the specification of explainability in
privacy-preserving systems.
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