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ARTICLE INFO ABSTRACT
Keywords: Context: Responsibility gaps, long-recognized challenges in socio-technical systems where accountability be-
Responsibility gaps comes diffuse or ambiguous, have become increasingly pronounced in GenAl-enabled software. The generative

Human oversight
GenAl-enabled software
Requirements engineering
Human-AlI collaboration

and adaptive nature of such systems complicates how human oversight and responsibility are specified,
delegated, and traced. Existing requirements engineering approaches remain limited in addressing these
phenomena, revealing conceptual, methodological, and artifact-level research gaps in analyzing responsibility
gaps from a human oversight requirements perspective.

Objective: This study aims to analyze these research gaps in the context of GenAl-enabled software systems. It
seeks to establish a coherent perspective for a systematic analysis of responsibility gaps from a human oversight
requirements standpoint, encompassing how these responsibility gaps should be conceptualized, identified, and
represented throughout the requirements engineering process.

Methods: The proposed design methodology is structured across three analytical layers. At the conceptual-
ization layer, it establishes a conceptual framing that defines the key elements of responsibility across the
human and system dimensions and explains how potential responsibility gaps emerge from their interactions.
At the methodological layer, it introduces a deductive pipeline for identifying responsibility gaps by analyzing
interactions between these dimensions and deriving corresponding oversight requirements within established
requirements engineering frameworks. At the artifact layer, it formalizes the results in a Deductive Backbone
Table, a reusable representation that traces the reasoning path from responsibility gaps identification to human
oversight requirements derivation.

Results: A user study compared the proposed methodology with a baseline goal-oriented requirements
engineering approach. Participant-perception results indicated generally favorable views of the enhanced
approach across the evaluated dimensions, while expert ratings of the generated requirement artifacts showed
higher mean scores for six of the seven artifact-quality items, with the strongest descriptive improvements
observed for consistency and representational traceability.

Conclusion: The study proposes a methodology for understanding, identifying, and documenting responsibility
gaps in GenAl-enabled software from a human oversight requirements perspective. The results provide initial
evidence that it can support the derivation of human oversight requirements from identified responsibility
gaps. However, given the student-dominated sample and the absence of validation in real industrial projects,
the generalizability of the findings requires further investigation.

1. Introduction recurring design patterns: prompt-based exchanges shape educational
and writing assistants [1], retrieval-grounded synthesis informs clinical

Generative AI (GenAl) is increasingly embedded in software systems and research tools [2], tool-mediated reasoning supports legal and
that integrate generative models as active components of reasoning, analytical applications [3], and agentic workflows enable autonomous

interaction, and decision support, forming a new class of GenAl-enabled

R ) operations in financial and operational platforms [4]. Within these
software systems. Such systems underpin diverse domains and follow
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systems, humans occupy evolving roles, such as operators, evaluators,
supervisors, or auditors, each engaging GenAl components with differ-
ent levels of initiative and awareness, consistent with findings from
related Human-Computer Interaction (HCI) research [5,6]. As this new
class of software systems matures, it extends human capability and
redefines the distribution of control, insight, and responsibility between
humans and GenAl.

As their autonomy deepens, they increasingly blur established lines
of accountability in digital decision processes. When generative models
produce outputs that shape important outcomes, accountability be-
comes diffuse as developers cannot see how models reach conclusions,
users cannot fully control their behavior, and organizations often strug-
gle to trace decisions after deployment. This misalignment between
assigned responsibility and actual control constitutes a responsibility
gap, a condition in which no human agent can be appropriately held
to account for an Al system’s actions or consequences [7,8]. From a
requirements engineering (RE) perspective, this can be viewed as a
set of potential responsibility risks, including incomplete, ambiguous,
conflicting, or untraceable responsibilities.

To mitigate such risks, accountability must remain anchored to
at least one agent who retains both decisive control and informed
understanding of system outcomes [8]. In GenAl-enabled software,
generative models can influence results but lack epistemic awareness,
and therefore cannot satisfy this condition. Only humans possess the
capacity for both decisive and informed control, provided that system
design preserves their authority and understanding. This recognition
shifts the focus to RE for GenAl-enabled software, in which accountabil-
ity relations are operationalized through human oversight mechanisms
such as human roles, controls, and decision authorities [9]. Therefore,
from an RE perspective, human oversight can be modeled as a struc-
tured set of requirements that specify where human judgment applies,
how decisions are reviewed or overridden, and how accountability is
maintained.

However, this perspective, treating human oversight as an explicit
category in RE, remains underexplored. Previous research in RE has
developed mature perspectives for domains such as privacy [10], se-
curity [11], safety [12], and ethics [13], where requirement types and
derivation methods are well formalized, while comparable foundations
for human oversight are still lacking. When examined through the
lens of ISO/IEC/IEEE 29148:2018 [14], which specifies requirement
quality attributes such as completeness, consistency, traceability, fea-
sibility, reusability, and verifiability, existing RE processes for GenAl-
enabled software reveal systematic deficiencies. The absence of these
attributes reveals three corresponding research gaps in conceptualiza-
tion, methodology, and artifact construction.

The first gap is conceptual. Despite the growing emphasis on human
oversight in AI governance frameworks such as the EU AI Act [9], ISO
42001 [15], and the NIST AI RMF [16], RE still lacks a coherent con-
ceptual foundation for representing oversight as a distinct requirement
category alongside privacy, security, safety, and ethics. At a founda-
tional level, the field lacks a shared understanding of the positioning
of human oversight within the human-GenAI interaction, including its
scope, boundaries, and intended function in decision-making and ac-
countability. At a definitional level, RE research and standards provide
no formal descriptions of how both the human and the system dimen-
sions of GenAl-enabled software should be represented in oversight
terms. This conceptual gap prevents RE from ensuring the completeness
and consistency of oversight specifications as prescribed by the stan-
dard, leaving accountability relations between the human and system
dimensions of GenAl-enabled software acknowledged in principle but
lacking formal representation.

The second gap is methodological. Even where human oversight is
acknowledged as a desirable property, RE lacks systematic methods for
deriving oversight requirements across the software lifecycle. Existing
general-purpose RE frameworks, such as goal-oriented [17], scenario-
based [18], and aspect-oriented approaches [19], provide robust mech-
anisms for elaborating functional and non-functional requirements once
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they are defined, but they lack a complementary methodological bridge
that connects the conceptual identification of oversight needs with
existing RE processes. Designing this bridge is further complicated by
the inherent subjectivity of human analysis, as consistently observed
in empirical studies [20,21], which affects how oversight is recog-
nized, represented, and refined across contexts. This methodological
gap prevents RE from satisfying the process traceability and feasibility
criteria in the standard, leaving oversight requirements disconnected
from established RE processes.

The third gap is artifact-related. Currently, RE lacks a formal-
ized representational structure for documenting and analyzing human
oversight requirements in GenAl-enabled software [22]. Existing ar-
tifacts, such as goal models, use-case templates, or quality attribute
taxonomies, capture security, safety, or ethical concerns but provide no
consistent means of expressing how human oversight emerges from in-
teractions between system behaviors and human roles. What is missing
is an intermediate representational layer between conceptual oversight
concerns and implementation artifacts, one that can encode how over-
sight relations evolve across design and documentation. In current
practice, such information is scattered across informal documents or
embedded implicitly within design discussions, hindering traceability,
comparison, and reuse. This artifact gap prevents RE from satisfying
the conformance and representational traceability expectations of the
standard, leaving oversight requirements weakly structured and prone
to loss across documentation.

To address these gaps, this research proposes a design methodol-
ogy that formalizes human oversight requirements in GenAl-enabled
software. The key idea is to identify potential responsibility gaps by
aligning system-side patterns with human-side roles through a deduc-
tive backbone, and to derive corresponding oversight requirements by
integrating these analyses into existing RE frameworks. The method-
ology is structured across three analytical layers: a conceptualization
layer that defines key elements of responsibilities, a methodologi-
cal layer that operationalizes their interaction through a deductive
pipeline, and an artifact layer that represents the results in a formal,
reusable documentation structure. Accordingly, the contributions of
this research correspond directly to the three identified research gaps
and their associated ISO/IEC/IEEE 29148:2018 requirement quality
attributes: completeness and consistency for conceptualization, pro-
cess traceability and feasibility for methodology, and representational
traceability and conformance for artifact representation:

+ Conceptualization contribution: We establish human oversight
as an explicit requirement-level concern in GenAl-enabled soft-
ware by defining the core responsibility-related elements required
for oversight analysis, including system patterns, human roles,
and responsibility gaps. This contribution supports completeness
by specifying the essential elements that RE analysts should
consider when analyzing oversight, and supports consistency by
defining the relationships among system-side factors, human-
side factors, and the responsibility gaps that emerge from their
interaction.

Methodological contribution: We develop a Backbone-Anchored
Deductive Pipeline that operationalizes responsibility-gap anal-
ysis. The pipeline guides analysts from system pattern analysis
and human role analysis to responsibility gap identification and
human oversight requirement derivation within established RE
frameworks. This contribution supports process traceability by
making the reasoning path from analysis inputs to derived re-
quirements explicit, and supports feasibility by integrating the
proposed analysis with existing RE processes.

Artifact contribution: We introduce the Deductive Backbone
Table as a reusable RE artifact for documenting responsibility-gap
analysis and human oversight requirement derivation. The table
records the relationships among system patterns, human roles, re-
sponsibility gaps, and derived oversight requirements. This contri-
bution supports representational traceability by preserving these
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Table 1
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Mapping of research gaps and corresponding contributions against ISO/IEC/IEEE 29148 requirement quality attributes.

Research gap ISO 29148 attribute(s) Underlying cause

Contribution in this work

Conceptual Completeness, Human oversight lacks a coherent Establish a conceptual framing that defines key
Consistency conceptual foundation within the elements concerning responsibility across the
human-GenAl interaction. human and system dimensions.
Methodological Process Traceability, No pipeline connects conceptual Propose a deductive pipeline that analyzes
Feasibility oversight recognition to responsibility gaps by linking system patterns
established RE processes. and human roles, and derives oversight
requirements.
Artifact Representational No standardized artifact captures Introduce Deductive Backbone Table as a
Traceability, or links oversight requirements formal, reusable structure for documenting the
Conformance throughout the RE workflow. reasoning trace from conceptual elements and

responsibility gaps to the derived oversight
requirements.

links in a structured artifact, and supports conformance by align-
ing the documentation with the proposed deductive backbone and
established RE quality expectations.

Table 1 summarizes the alignment among the research gaps, associated
requirement quality attributes, and corresponding contributions.

The remainder of this paper is organized as follows. Section 2
reviews the background and related work. Section 3 introduces the
proposed methodology, including conceptualization, methodological,
and artifact layers. Section 4 describes the user study design and results.
Finally, Section 5 concludes the paper and outlines future research
directions.

2. Background and related work
2.1. Requirements engineering foundations

Requirements Engineering (RE) provides the methodological back-
bone of software development, encompassing the elicitation, specifi-
cation, validation, and management of system requirements to ensure
that software systems satisfy stakeholder needs and conform to quality
expectations [22,23]. Among the most influential are goal-oriented
approaches [17,24,25], which derive requirements from stakeholder in-
tentions and system objectives, scenario-based approaches [18,26,27],
which capture behavioral expectations through user stories and interac-
tion contexts, and aspect-oriented approaches [19,28,29], which man-
age cross-cutting concerns such as security, privacy, or usability that
affect multiple system components. Together, these approaches provide
analytical structures for decomposing and organizing complex require-
ment sets across both functional and non-functional dimensions [22,
30].

To ensure quality and consistency across these practices, RE is sup-
ported by a family of international standards that define processes, arti-
facts, and evaluation criteria throughout the software and systems life-
cycle. Among the most influential are ISO/IEC/IEEE 29148:2018 [14],
which specifies requirement quality attributes such as completeness,
consistency, traceability, feasibility, verifiability, and reusability,
ISO/IEC 12207:2017 [31] and ISO/IEC/IEEE 15288:2023 [32], which
define lifecycle processes for software and systems engineering, and
ISO/IEC 25002:2024 [33], which establishes quality models that guide
the specification and assessment of non-functional requirements.

Despite its methodological maturity, RE remains constrained by the
inherent subjectivity of human interpretation as requirements elicita-
tion and analysis depend on how analysts perceive problems, frame
system goals, and negotiate meanings with stakeholders. Empirical
studies show that even experienced engineers vary in how they iden-
tify, classify, and prioritize requirements, leading to inconsistencies in
completeness and traceability [20,21]. This variability does not weaken
the discipline but emphasizes its human-centered nature, in which the
success of RE depends on both the professional judgment of analysts
and the methodological support (e.g., standardizing reasoning patterns)
that mitigates subjectivity in requirements analysis [20,34,35].

2.2. Requirements categories

RE has long differentiated specialized requirement categories to
address distinct classes of system quality, risk, and domain concern.
Such categories, exemplified by safety, security, privacy, and ethics,
often encompass both functional and non-functional aspects, reflecting
the multifaceted nature of socio-technical systems. Each has matured
into a dedicated subfield with its own concepts, modeling artifacts, and
assurance practices, illustrating how RE evolves to formalize emerging
contextual concerns into systematic requirement types as technology
and society co-evolve.

Safety requirements address the need to prevent hazardous sys-
tem behavior in domains where failures can have catastrophic con-
sequences, such as avionics, medical devices, and industrial automa-
tion. To manage such risks, structured approaches were developed
within RE practice, ranging from goal-based safety cases and for-
mal hazard analyses to system-theoretic frameworks like STAMP, that
link functional behavior, control structures, and human decision pro-
cesses to risk mitigation [36-38]. As systems became increasingly
exposed to networked environments, security requirements emerged
as a distinct category addressing protection from intentional misuse,
data breaches, and unauthorized access. To support systematic analysis
of these risks, structured frameworks, such as SQUARE and abuse
cases were developed, integrating threat modeling, stakeholder anal-
ysis, and requirements prioritization into early RE stages [11,39,40].
In parallel, privacy requirements gained recognition as distinct from
security by emphasizing principles such as purpose limitation, data
minimization, and informed consent. In response, approaches such as
goal-oriented modeling, privacy threat analysis, and regulatory rule
extraction have been developed to capture information flows, model
consent and disclosure relationships, and translate legal obligations into
traceable requirements [41-43]. More recently, ethical requirements
have expanded RE to address challenges of ensuring fairness, trans-
parency, and accountability in algorithmic and data-driven systems,
to ensure that automated reasoning and decision processes remain
aligned with human values throughout the system lifecycle. To support
this alignment, approaches such as ontology-based ethical modeling,
value-sensitive design, and responsible Al engineering frameworks have
been proposed to formalize moral principles and integrate them into
verifiable requirement specifications [13,44,45].

These requirement categories show how RE has historically incor-
porated emerging socio-technical concerns by developing dedicated
concepts, analysis methods, and documentation artifacts. Closely re-
lated streams, including safety engineering, accountability frameworks,
and assurance case modeling, provide further foundations for reasoning
about risk, responsibility, and evidence.

Safety engineering focuses on identifying hazards, deriving safety
constraints, and demonstrating risk mitigation through control-oriented
analysis and safety arguments [46]. For example, STPA-based ap-
proaches have been used to derive software safety requirements from



Z. Mao et al.

system-level safety analysis [47]. However, safety engineering primar-
ily targets hazardous system behavior and risk reduction, whereas
this study focuses on requirements for preserving accountable human
oversight when responsibility for GenAl-enabled Software outcomes
becomes ambiguous, incomplete, or difficult to trace. Accountability
frameworks clarify responsible Al principles, role obligations, and
governance expectations across the Al lifecycle [48]. For example,
internal algorithmic auditing frameworks provide lifecycle-oriented
documentation and review mechanisms for organizational accountabil-
ity [49]. However, such frameworks often remain at the governance
or audit-process level, whereas this study provides an RE-oriented
method for deriving concrete oversight requirements. Assurance case
modeling focuses on constructing structured arguments and evidence to
justify confidence in system properties such as safety or security [50].
For example, model-based assurance approaches use notations and
metamodels such as GSN or SACM to organize claims, arguments,
and evidence [51]. However, assurance cases typically support the
justification of already identified assurance properties, whereas this
study addresses the earlier RE task of identifying responsibility gaps
and deriving the oversight requirements to be specified.

2.3. Responsibility gaps

A responsibility gap occurs when it becomes indeterminate who
can justifiably be held morally, legally, or practically responsible for
the behavior or consequences of an autonomous system. The term
denotes a condition in which standard criteria for attributing respon-
sibility, such as knowledge, control, and causal connection, no longer
hold [52]. Subsequent analyses broaden the concept from individual
culpability to systemic and institutional dimensions, distinguishing four
interrelated forms, including culpability, moral-accountability, public-
accountability, and active-responsibility gaps [7]. Collectively, these
forms reflect how technical and organizational dynamics interact to
erode control and accountability, as autonomy and opacity under-
mine decision traceability while distributed agency and institutional
fragmentation blur the allocation of authority and responsibility [53-
55].

Responsibility gaps in GenAl-enabled software systems arise from
the interplay between generative model behavior and human oversight
structures, producing proxy gaps when generative agents act as repre-
sentational proxies for human users yet operate with partial autonomy
that weakens both knowledge and control [56]. Such systems exemplify
proxy gaps, where accountability is dispersed across the socio-technical
arrangement where epistemic gaps limit users’ understanding of how
outputs are produced and control gaps weaken their capacity to influ-
ence outcomes. The proxy gap demonstrates how classical responsibil-
ity gaps resurface in generative settings, where model-mediated dele-
gation and fragmented human roles obscure agency and accountability.
Although earlier discussions address responsibility gaps in autonomous
and decision-making systems, analyses of GenAl-enabled software re-
main scarce. The proxy gap case represents an initial exploration of
these issues within GenAl, offering conceptual insight but not yet a
structured approach to their systematic understanding.

2.4. GenAl-enabled software systems

The growing integration of GenAl into software architectures has
given rise to a distinct class of GenAl-enabled software systems. These
systems differ from GenAl systems, which primarily concern the de-
sign and operation of generative models themselves. They instead
encompass the broader socio-technical environments in which such
models are embedded as functional components that mediate reason-
ing, interaction, and decision processes [57]. Within these systems,
generative components operate as adaptive, co-creative subsystems,
producing context-dependent outputs that evolve through probabilistic
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reasoning and user feedback. Recent studies show that LLMs can syner-
gize with automated machine learning workflows and support runtime
reasoning, adaptation planning, and system evolution, while also rais-
ing open challenges related to reliability, controllability, and human
oversight [58,59]. This integration transforms conventional software
architectures into dynamic assemblages of human and machine agency,
producing synthesized rather than deterministic outputs.

The design of GenAl-enabled software is fundamentally an archi-
tectural problem, structuring how generative components are con-
tained, coordinated, and made observable within complex environ-
ments [57], and it requires concurrent attention to control and trans-
parency. Ensuring control involves architectural mechanisms such as
modular containment, orchestration, and governance interfaces that
constrain generative behavior and sustain system reliability while pre-
serving adaptivity [60]. Likewise, ensuring transparency depends on
exposing reasoning, provenance, and uncertainty through interpretable
outputs and traceable process representations that support accountable
human oversight [61].

2.5. Human oversight

Human oversight refers to the structured involvement of human
agents in monitoring, guiding, and intervening in the behavior of
autonomous or generative systems to ensure that outcomes remain
aligned with ethical, legal, and organizational expectations [62]. In
the context of GenAl-enabled software, such oversight serves as a
key mechanism for closing responsibility gaps by ensuring that hu-
mans, rather than systems, retain decisive control over critical decisions
and informed understanding of system outcomes. Oversight transforms
accountability from a reactive attribution process into a proactive de-
sign objective, embedding human judgment and intervention pathways
throughout the system lifecycle to maintain responsibility and trust
when generative behavior becomes opaque or unpredictable [63]. Yet,
despite its centrality to accountability, human oversight remains under-
developed as a requirement category in RE and needs to be formalized
to systematically institutionalize the human role within adaptive and
semi-autonomous systems.

To operationalize such oversight within GenAl-enabled systems, its
effectiveness depends on how authority and interaction are structured
within human-AI collaboration, as decades of HAI research consis-
tently identify decision control and communicative transparency as the
dual foundations of successful human-automation coordination [64,
65]. Maintaining authority requires explicit boundaries of decision
rights, escalation pathways, and override capacities that enable hu-
mans to retain meaningful control and accountability as automation
levels increase [6]. Ensuring interaction relies on transparent com-
munication and adaptive feedback mechanisms that allow humans to
interpret, calibrate trust in, and effectively collaborate with automated
systems [66].

3. Proposed methodology
3.1. Methodology overview

This section presents the proposed design methodology for analyz-
ing human oversight requirements in GenAl-enabled software through
the systematic examination of responsibility gaps. The methodology
provides a structured pathway that defines the conceptual basis of
responsibility and explains how responsibility gaps emerge across the
human and system dimensions. It then derives corresponding over-
sight requirements through a deductive analysis of these gaps and
documents the reasoning trace from responsibility gap identification to
oversight requirement derivation in a formal, reusable representation.
It comprises three interconnected layers, conceptualization, method-
ological, and artifact, each addressing a distinct aspect of the oversight
requirements lifecycle, as shown in Fig. 1.
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Fig. 1. Methodology Overview.

Table 2
Notations used in the methodology.

Symbol Concept represented

TV ~>nNA

Control frequency — backbone system factor indicating how often humans can intervene or adjust system behavior.

Transparency level — backbone system factor indicating the degree of interpretability or visibility of the reasoning.

System-side extensions — analyst-defined factors that extend or refine the deductive backbone C x T.

Authority level — backbone human factor defining the degree of human decision power in system operations.

Interaction mode — backbone human factor defining how humans engage with the system.

Human-side extensions — analyst-defined factors that extend or refine the deductive backbone A x I.

Patterns — characteristic configurations of generative system behavior relevant to oversight.

Roles — characteristic configurations of human authority, interaction, and contextual factors relevant to oversight.

Responsibility gaps — potential misalignments between system patterns and human roles regarding responsibility.
OR Human oversight requirements — specifications defining how oversight structures and processes should be designed

to realign responsibility and ensure accountability.

The conceptualization layer defines the theoretical foundations re-
quired for deriving human oversight requirements (H OR). It introduces
the conceptual structures through which responsibility is analyzed,
including patterns (P) derived from the system dimension, control
frequency (C), transparency level (T), and system-side extensions (.5),
and roles (R) derived from the human dimension, authority level (A),
interaction mode (I), and human-side extensions (H). The method-
ological layer establishes a Backbone-Anchored Deductive Pipeline that
links these conceptual elements, analyzes the resulting responsibility
gaps (G), and derives the corresponding human oversight requirements
(HOR). The artifact layer introduces the Deductive Backbone Table as
a formal representational structure that can be instantiated as multiple
tables to ensure traceability and conformance by documenting the
process of identifying responsibility gaps and deriving human oversight
requirements (HOR) across roles and system patterns. The notations
employed in the methodology are summarized in Table 2.

3.2. Conceptualization layer

Following the requirement quality attributes discussed in
ISO/IEC/IEEE 29148:2018, the conceptualization layer supports com-
pleteness, interpreted here as covering the necessary responsibility-
related elements for specifying human oversight requirements, by
explicitly defining system-side, human-side, and gap-related elements
as the required analytical scope. It also supports consistency, inter-
preted here as defining these elements and their relationships without

contradiction or incompatible interpretation. This is achieved by orga-
nizing them through a coherent deductive structure in which system
patterns and human roles jointly determine responsibility gaps, and
responsibility gaps motivate human oversight requirements.

The conceptualization follows a top-down logic, beginning with the
goal of defining human oversight requirements (HOR) and tracing the
conceptual dependencies that make their specification possible. These
requirements define the conditions under which oversight must be
established and maintained so that responsibility and accountability re-
main explicit throughout the lifecycle of GenAl-enabled systems. They
articulate the structural and procedural means through which humans
monitor, guide, and intervene in generative behavior to prevent the
loss of control or traceability. Yet, even when such mechanisms are
in place, responsibility may still become diffuse or uncertain within
complex GenAl-enabled systems.

Responsibility gaps (G) refer to conditions where the allocation of
responsibility between human agents and GenAl components becomes
ambiguous or incomplete. Such gaps arise when no human role can be
clearly identified as accountable for a system behavior, or when exist-
ing oversight capacity is insufficient to influence or interpret generative
outcomes. Within the methodology, identifying G is a critical analytical
step for defining HOR, as each oversight requirement addresses a
specific gap by restoring a clear linkage between human authority
and system behavior. Understanding how these gaps emerge requires
examining the underlying structures through which human and system
factors interact.
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System patterns (P) and human roles (R) provide the structural
foundation for understanding how responsibility is distributed within
GenAl-enabled software systems. Patterns and roles represent charac-
teristic forms of generative system behavior and human engagement,
together defining a conceptual structure with multiple dimensions that
describe how human and system factors interact to shape responsibility.
On the system side, relevant dimensions include control frequency (C),
which indicates how often humans can intervene or adjust generative
processes, and transparency level (T'), which indicates how much of
the system’s reasoning and uncertainty is made interpretable, along
with other architectural or operational factors that influence these
properties. On the human side, key dimensions include authority level
(A), which defines the degree of decision power retained by humans,
and interaction modes (1), which define how humans engage with and
influence the system, complemented by contextual or organizational
aspects that further shape oversight practices. Responsibility gaps (G)
arise when specific patterns and roles are misaligned across these
dimensions, creating conditions where responsibility cannot be clearly
assigned or enacted. These dimensions therefore outline the conceptual
coordinates for understanding the alignment between system behaviors
and human oversight, forming the basis for identifying G and deriving
corresponding human oversight requirements (HOR).

3.3. Methodological layer

3.3.1. Methodological layer overview

The methodological layer supports process traceability, interpreted
here as making the reasoning path from analysis inputs to derived
requirements explicit and justifiable. It is achieved by decomposing the
analysis into ordered steps from system pattern analysis and human role
analysis to responsibility gap identification and requirement derivation.
It also supports feasibility, interpreted here as enabling the method
to be applied within existing RE activities and project constraints, by
embedding responsibility-gap analysis into established RE frameworks
rather than requiring a separate requirements process.

Building on the conceptual dimensions defined in Section 3.2,
the methodological layer introduces the Backbone-Anchored Deduc-
tive Pipeline, which identifies responsibility gaps and operationalizes
established RE principles in a deductive style for GenAl-enabled soft-
ware systems. The pipeline combines a stable deductive backbone
with analyst-driven extensions, ensuring both methodological rigor and
contextual adaptability.

The backbone represents the analytical foundation formed by the
intersections of essential dimensions on the system and human sides.
These intersections, expressed as C x T and A x I, define the core
analytical space from which responsibility alignment is examined.
The backbone provides a consistent reasoning structure that anchors
the analysis, while its extensibility allows analysts to introduce addi-
tional system-side () or human-side (H) factors to capture contextual,
organizational, or domain-specific oversight concerns. It should be
noted that each dimension can encompass multiple layers, for ex-
ample, transparency (7)) may include informational, procedural, and
interpretive facets, but is currently simplified as a single analytical
attribute to maintain a concise and tractable backbone. These designs
ensure that the pipeline remains both principled and flexible across
application contexts. The following subsections outline the operation of
the Backbone-Anchored Deductive Pipeline and illustrate its reasoning
flow through a concrete scenario.

Illustrative scenario. Consider a GenAl-enabled legal contract re-
view assistant deployed in a corporate law firm. Once a draft contract
is uploaded, the assistant analyzes each clause, flags potential risks,
and proposes revisions. Human professionals remain responsible for
final approval, where a paralegal reviews the model’s suggestions
before submitting them to a senior lawyer, who oversees the over-
all review process. In practice, the assistant conducts most analyses
autonomously, with limited opportunities for real-time adjustment or

Information and Software Technology 200 (2026) 108319

inspection of its reasoning. Its recommendations are often plausible
but difficult to trace back to concrete legal rules or precedents. Be-
cause contract review involves confidentiality and liability, even minor
misjudgments can carry serious consequences.

This situation captures the type of tension the methodology aims to
analyze, where automation amplifies efficiency but also obscures how
authority, interpretability, and accountability are distributed between
human and generative agents. We use this scenario throughout the
following pipeline steps to demonstrate how the proposed methodology
operates in practice.

3.3.2. Step 1 — System pattern analysis

The first step conceptualizes the GenAl-enabled system through a
pattern-based abstraction inspired by software design patterns, which
describe reusable solutions to recurring design problems. This study
adapts that idea for responsibility analysis: the term system pattern
refers not to a reusable architectural or implementation solution in
the conventional design-pattern sense, but to a recurring responsibility-
relevant configuration of GenAl-enabled system behavior. It captures
characteristic configurations of generative autonomy and human con-
trollability that determine how responsibility is technologically dis-
tributed. Formally, it is expressed as:

P:=CxTxS

where C, T, and .S denote the control, transparency, and system-side
extensional dimensions introduced earlier.

In practical application, C may be examined using concrete inter-
vention points such as pre-generation parameter setting, mid-generation
steering, or post-generation approval, as well as the extent to which
these interventions influence system behavior. T can be analyzed
through informational, procedural, and interpretive aspects, for exam-
ple the visibility of reasoning steps, the provenance of evidence, and the
comprehensibility of outputs for human reviewers. S allows analysts
to capture domain-specific or architectural factors, such as uncertainty
representation, autonomy modality, or data sensitivity, when these ma-
terially affect oversight. In use, these dimensions may be instantiated
differently across GenAl system types. For example, a prompt-driven
LLM may place most controllability in the pre- and post-generation
phases, whereas an agentic system operating through multi-step tool
use shifts analytical attention towards monitoring intermediate actions.

Illustrative scenario. In the legal contract review assistant, the
GenAl component operates largely autonomously once a contract is
submitted for analysis. It performs clause-level evaluations and gen-
erates revision suggestions without intermediate human steering, in-
dicating a low control frequency (C;). Its reasoning for identifying
risks or proposing changes is not fully interpretable to human review-
ers, reflecting a low transparency level (T;). For demonstration, the
system-side extensional dimension S is instantiated with a single factor,
sensitivity, characterized as high (sensitivity high) due to the potential
legal and financial implications of misinterpretation. The resulting
pattern instance is:

p = (Cp, Ty, {sensitivity_high})

This configuration represents a pattern of autonomous generation un-
der high contractual sensitivity, where the system’s outputs directly in-
fluence legally binding content but are produced with minimal human
control and limited interpretability.

3.3.3. Step 2 — Human role analysis

The second step examines the human layer of responsibility by iden-
tifying the roles that interact with the generative system. Analogous
to system patterns, human roles R are represented as structured con-
figurations that describe how humans exercise control, judgment, and
accountability within the system context. Formally, this relationship is
expressed as:

R:=AXIxXH
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where A, I, and H denote the authority, interaction, and human-side
extensional dimensions, respectively.

In practical application, A and I can be instantiated by exam-
ining the concrete oversight privileges available to each role, such
as who may approve, escalate, or override outputs, and whether the
role engages in control, validation, monitoring, or corrective actions.
H further allows analysts to incorporate contextual factors, including
expertise, workload, or regulatory obligations, that shape how reliably
these responsibilities can be carried out in practice.

Illustrative scenario. In the legal contract review assistant, an-
alysts begin by determining how authority and interaction are dis-
tributed among the human agents involved in the review workflow.
Because neither actor directly operates or trains the model, operational
authority is excluded. Likewise, the process is not purely retrospective,
so audit-oriented authority is not applicable. Both human participants
supervise the model’s outputs and remain accountable for the qual-
ity of resulting contracts; thus, the appropriate level of authority is
supervisory.

The paralegal interacts with the system by directly reviewing clause-
level suggestions, approving or modifying them before submission. This
behavior corresponds to a validation-oriented interaction. When com-
bined with supervisory authority, this configuration can be formalized
as:

Treviewer = ({Asuperuisory}’ {Iualia’ation }7 ﬂ)

which defines the role archetype of a Reviewer.

The senior lawyer oversees the entire review process, checking that
contracts comply with professional and regulatory standards but sel-
dom intervenes directly in model outputs. This engagement represents
a monitoring interaction paired with the same supervisory authority,
formalized as:

= ({Asupervisory } > {Imaniroring }! ﬂ)

corresponding to the role archetype of a Coordinator.

These two configurations express how authority and interaction
combine to form distinct human oversight roles within the system.
Together, they define the human-side structures to be aligned with the
system pattern in the next step.

T coordinator

3.3.4. Step 3 — Responsibility gap analysis

The third step aligns the system-side and human-side configura-
tions to identify how mismatches in controllability, transparency, or
authority give rise to responsibility gaps. Each pairing between the
system pattern and a human role marks a potential locus of requirement
ambiguity, where the intended distribution of control and accountabil-
ity may not be consistently realized in practice. Formally, this step is
defined as:

G :=PXxR

where each element g = (p,r) denotes an interaction between the
system operating under pattern p and a human role r, through which
oversight adequacy and potential gaps can be examined. In practice, P
typically contains only one element, as each GenAl-enabled software
system is represented by a single system pattern instance.

Illustrative scenario. In the legal contract review assistant, the sys-
tem pattern derived in Step 1 interacts with the two role configurations
defined in Step 2, producing two analytical pairings:

81 = (P Freviewer)» & = (P, T'coordinator)-

For g, the paralegal acts as reviewer, evaluating clause-level sug-
gestions that originate from an autonomous, low-transparency process.
Although formally responsible for approving revisions, the reviewer
may not be able to fully interpret the model’s reasoning or trace the
evidence supporting each recommendation. The high sensitivity of the
contractual domain can exacerbate this limitation that even minor
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misinterpretations could lead to financial or legal consequences, yet
the reviewer has limited means to verify the model’s judgments beyond
surface plausibility. This configuration exposes an accountability gap
under high contractual sensitivity, in which decision authority is
nominally assigned but not supported by sufficient interpretability,
evidential access, or control over the generative process.

For g,, the senior lawyer functions as coordinator, overseeing the
review process and ensuring compliance with organizational and legal
standards. However, because the system operates autonomously with
limited transparency, the coordinator has only indirect visibility into
how specific risk assessments or clause suggestions are generated.
When sensitivity is high, such as in contracts involving confidentiality,
liability, or regulatory constraints, this restricted authority may lead
to blurred lines of accountability, as responsibility for the system’s
behavior could be distributed yet insufficiently claimed. This mis-
alignment gives rise to an ownership gap under high contractual
sensitivity, where supervisory awareness exists in principle but lacks
formal mechanisms for authority and accountability alignment.

3.3.5. Step 4 — Requirements derivation

The fourth step derives explicit human oversight requirements from
the potential responsibility gaps identified in Step 3. Existing RE frame-
works support this derivation by providing structured mechanisms that
link responsibility analysis with conventional requirement modeling
practices. Formally, the derivation process is expressed as:

HOR := f(G)

where G denotes the set of potential responsibility gaps, and f repre-
sents the transformation of each gap into framework-specific modeling
constructs that yield human oversight requirements as outputs.

Different RE paradigms implement this transformation in distinct
ways. In goal-oriented requirements engineering, analysis results ob-
tained in previous steps guide the definition or refinement of goals
that capture the related oversight concern, which is then analyzed
through obstacles and resolved by corresponding human and system
requirements. In scenario-based approaches, each gap gives rise to a
dedicated scenario specifying the human-system interactions necessary
to prevent or mitigate the gap. In aspect-oriented modeling, each
gap defines a cross-cutting aspect that enforces properties such as
traceability, interpretability, or approval authority across modules.

Illustrative scenario. Continuing with the legal contract review
assistant, the system pattern, role configurations, and potential gaps
identified in Steps 1-3 form the structured inputs for this stage. They
are integrated through the five reasoning steps of goal-oriented require-
ments engineering, identify main goals, refine goals, assign agents, find
obstacles, and derive requirements, to convert the analytical findings
into concrete oversight requirements.

Step 1: Identify Main Goal. The system pattern indicates autonomous
generation under high contractual sensitivity, where outputs directly
influence legally binding content but are produced with minimal hu-
man control and limited interpretability. This profile prioritizes ac-
countability and verifiability: autonomy reduces opportunities for in-
tervention, low transparency limits justificatory evidence, and high
sensitivity amplifies the consequences of error. Accordingly, the main
goal is defined as follows.

G1: Ensure that Al-generated revisions are reviewed and approved
through transparent and traceable evidence.

Step 2: Refine Goals. Using the human roles identified in Step 2
as reference points, the main oversight goal (G1) is refined into role-
specific objectives that specify what each actor ensures as part of
achieving it. Each refined goal maintains direct traceability to G1 by
indicating both the responsible role and its contribution.

* G1.1 (G1-r1): Validate the accuracy, relevance, and legal sound-
ness of each Al-suggested revision, confirming that all proposed
changes are supported by adequate reasoning and evidence before
approval.
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* G1.2 (G1-r2): Provide clause-level explanations, confidence in-
dicators, and linked source references that allow the reviewer to
verify how each suggestion was derived.

Step 3: Assign Agents. For each refined goal, the corresponding
responsible actor is identified to establish clear accountability within
the scenario. Each mapping preserves the same goal identifiers (G1.1,
G1.2) to maintain traceability between analytical and practical repre-
sentations.

+ G1.1 Paralegal responsible for validating the model’s clause-level
revisions before approval.

+ G1.2 The generative contract review assistant that produces re-
vision suggestions and provides supporting evidence for human
verification.

Step 4: Find Obstacles. For each refined goal-agent pair, identify
the specific conditions that may prevent the responsible actor from
achieving its goal. Each obstacle reflects how the responsibility gaps
diagnosed in Step 3 could appear in this scenario, translating structural
misalignments into concrete barriers to effective oversight.

*+ 01 (G1.1 - rl): Limited model transparency and lack of ac-
cessible reasoning may prevent the reviewer from confidently
validating Al-suggested revisions, risking approval of content that
cannot be fully justified.

02 (G1.2 - r2): The system’s autonomous generation process
may not include explicit evidence-tracking or explanation mech-
anisms, restricting its ability to provide clause-level justification
for its outputs.

Step 5: Derive Requirements. For each obstacle identified in the pre-
vious step, one or more requirements are defined to remove, reduce, or
mitigate its impact. Each requirement specifies an actionable measure
to close the potential accountability or oversight gap, expressed as
either a system-side or a human-side commitment. System-side require-
ments describe technical or interface features that enable effective
human oversight, while human-side requirements focus on procedural,
training, or policy actions that ensure responsible use and supervision.
Each requirement is labeled for traceability as R1s (system) or R1h
(human), corresponding to the related obstacle (0O1), and similarly for
subsequent pairs.

» Rls (System): The generative contract review assistant shall dis-
play traceable source references, confidence indicators, and con-
cise reasoning summaries for each suggested revision to support
human verification.

R1h (Paralegal): The paralegal responsible for reviewing Al-
suggested revisions shall verify that each proposed change is sup-
ported by adequate evidence and justification before approving
contractual content.

R2s (System): The generative contract review assistant shall
maintain detailed logs of reasoning steps and evidence sources
for all clause-level analyses to enable oversight of its decision
process.

R2h (Senior Lawyer): The senior lawyer overseeing the review
process shall conduct periodic audits of the system’s logs to
confirm that explanations and evidence meet the firm’s legal and
traceability standards.

Together, these requirements restore alignment between human and
system responsibilities under high contractual sensitivity by ensuring
that the Reviewer’s accountability and the Coordinator’s oversight
authority are supported.
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3.4. Artifact layer

3.4.1. Artifact layer overview

The artifact layer supports representational traceability, interpreted
here as preserving explicit links among system patterns, human roles,
responsibility gaps, and derived requirements, by recording these ele-
ments and their relationships in the Deductive Backbone Table. It also
supports conformance, interpreted here as aligning the documentation
with the proposed deductive backbone and established RE quality
expectations, by standardizing how analytical inputs, gap reasoning,
and derived oversight requirements are documented.

The Deductive Backbone Tables form both the analytical and em-
pirical core of the Backbone-Anchored Deductive Pipeline. They have
a dual nature in that they function analytically as deductive scaffolds
that formalize the reasoning space of responsibility analysis through
the intersections of essential dimensions including control (C), trans-
parency (T), authority (A), and interaction (I). At the same time they
operate empirically as synthesized representations of an analysis that
describe how autonomy, interpretability, authority, and engagement
are distributed within a GenAl-enabled system. By corresponding to
analytical steps in the Backbone-Anchored Deductive Pipeline, these
tables transform the reasoning process of the methodological layer
into reusable documentation artifacts. Each table therefore acts as
a bridge between conceptual reasoning and applied evaluation and
ensures that responsibility analysis remains both theoretically grounded
and operationally interpretable.

The three Backbone Tables together form the pipeline’s full reason-
ing structure, with the System-Side Backbone Table (C x T) charac-
terizing generative behavior, the Human-Side Backbone Table (A x I)
mapping oversight roles, and the Responsibility Gap Backbone Table
(Px R or CxT x AxI) integrating both to reveal where misalignments
may produce responsibility gaps. In practical use the Deductive Back-
bone Tables provide a structured shortcut throughout the analytical
process. Once the relevant values of the system and human dimensions
are determined, the analyst can refer directly to the corresponding table
instead of reinterpreting each configuration from the beginning. For
example, when a configuration such as C; x T} X {sensitivity_high} ap-
pears, its meaning can be located directly in the System-Side Backbone
Table 3 as a case of autonomous generation under a high sensitivity
context. This approach ensures analytical consistency across all stages
of reasoning and improves efficiency since the tables encapsulate the
essential reasoning space that supports interpretation and oversight
derivation.

3.4.2. System-side backbone table (C x T)

The System-Side Backbone Table 3 operationalizes Step 1, System
Pattern Analysis, by representing the generative configurations that
emerge from combinations of control frequency (C) and transparency
level (T), thereby translating system-side reasoning into a reusable
artifact for subsequent responsibility-gap analysis. Control frequency
includes two characteristic levels, high (Cp) and low (C;), which
describe how often human agents can intervene, adjust, or override
generative processes. Transparency level likewise includes high (T)
and low (7} ) conditions, representing the extent to which the model’s
reasoning, uncertainty, and decision logic are interpretable to human
observers. Each cell in the table corresponds to a distinct pattern of
generative behavior that results from the interaction between auton-
omy and interpretability, and together these configurations define the
basic responsibility space of GenAl-enabled systems.

3.4.3. Human-side backbone table (A x I)

The Human-Side Backbone Table 4 serves as the documentation
artifact for Step 2, Human Role Analysis, by structuring human over-
sight roles according to authority level (A) and interaction mode (I).
Authority includes three levels, operational (A;), supervisory (A,),
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Table 3

System-Side Backbone Table (C x T).
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CxT

Transparency High (T};)

Transparency Low (T;)

Control High (Cj)

Co-generation — systems where humans and the
model collaborate continuously with high
interpretability and frequent control, such as
interactive design support or adaptive writing

assistants.

Blind steering — systems with frequent human
interventions but limited visibility into the model
reasoning, such as real-time recommendation tools

with opaque decision updates.

Control Low (C;)

Review and approve — systems where the model
produces interpretable outputs that humans
validate after generation, such as structured
content generation or report synthesis systems.

Autonomous generation — systems that operate
independently with minimal interpretability or control,
such as automated summarization or decision-support
modules functioning without intermediate feedback.

Table 4
Human-Side Backbone Table (A x I)
AxI Active control (1) Approval/Validation Monitoring/Auditing Corrective/Mainte-
(1,) (I3) nance (I,)

Operational Operator — performs Rare configuration; Limited oversight Maintainer —

(4) direct control of validation normally value; duplicates performs adjustments
generative processes requires independent operational actions. and corrections after
through continuous authority. generation.
interaction.

Supervisory Uncommon; high Reviewer — Coordinator — Typically delegated;

(A,) authority rarely validates or approves oversees processes supervisors set
performs low-level generative outcomes. and manages corrective policies but
control. communication seldom act directly.

among actors.

Audit (4;) Incompatible with audit Conflicts with audit Auditor — Governance-level;
independence. mandate. retrospectively links audit outcomes

evaluates to organizational
compliance and policy.
traceability.

and audit (A3), representing the scope of decision power and ac-
countability assigned to human agents. Interaction includes four types,
active control (/,), approval or validation (I,), monitoring or auditing
(I3), and corrective or maintenance actions (1), describing how and
when humans engage with system functions. Together these dimensions
describe how responsibility and oversight are structured across roles
with different mandates and interaction modes. Each cell in the table
corresponds to a distinct role archetype that combines a particular
authority level and interaction type.

Meanwhile, the table captures both the practical and normative con-
straints that shape valid role archetypes, distinguishing configurations
that occur in practice from those that are theoretically possible but
institutionally rare. These configurations form a coherent typology of
human oversight, in which five common roles emerge across contexts,
including the Operator, the Maintainer, the Reviewer, the Coordinator,
and the Auditor. This typology provides the analytical foundation for
mapping human involvement to system patterns in the alignment stage
of the pipeline.

3.4.4. Responsibility gap backbone table (P X R)

The Responsibility Gap Backbone Table 5 serves as the bridge
between Step 3, Responsibility Gap Analysis, and Step 4, Requirements
Derivation, by organizing each system pattern (P) and human role (R)
pairing as a potential responsibility gap, from which corresponding
human oversight requirements can be derived. For each selected cell
in the table, the identified responsibility gap is treated as an explicit
input to the requirements-derivation step, where it is translated into
one or more system-side or human-side requirements. The resulting
requirements retain traceability to the originating P X R pairing, so
that each requirement can be traced back to the system configuration,
human role, and responsibility gap that motivated it. It integrates the
system-side dimensions of control and transparency with the human-
side dimensions of authority and interaction, allowing mismatches
between autonomy, interpretability, and oversight to be systematically
identified.

The table is organized by four system patterns representing char-
acteristic generative configurations, including co-generation (P;: Cy X
Ty ), blind steering (P,: Cy X T;), review and approve (P;: C; X Ty),
and autonomous generation (P,: C; x T;). Across these, five common
human roles are considered, including Operator (R,), Reviewer (R,),
Coordinator (R3), Maintainer (R,), and Auditor (Rs). Each combination
expresses a distinct form of potential responsibility gap, ranging from
procedural ambiguities to normative or epistemic misalignments.

4. User study

The following research questions (RQs) guide the evaluation of
the proposed approach across conceptual, methodological, and artifact
dimensions identified in earlier sections.

* RQ1 (Conceptual): To what extent does the proposed conceptual
structure achieve completeness and consistency in representing
human oversight within GenAl-enabled software?

» RQ2 (Methodological): To what extent does the Backbone-
Anchored Deductive Pipeline ensure process traceability and fea-
sibility in analyzing human oversight requirements?

* RQ3 (Artifact): To what extent does the Deductive Backbone Ta-
ble provide representational traceability and conformance in doc-
umenting the links between conceptual dimensions, responsibility
gaps, and derived oversight requirements?

4.1. User study design

4.1.1. Design overview

The user study was designed as a controlled within-subject ex-
periment to evaluate how the proposed methodology performs across
its conceptual, methodological, and artifact layers. Each participant
completed two short requirements analysis tasks, applying two different
approaches to two independent scenarios, enabling direct comparison
under controlled conditions. Accordingly, the evaluation combined
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Table 5

Responsibility Gap Backbone Table (P X R)
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PXR

Operator (R;)

Reviewer (R,)

Coordinator (R;)

Maintainer (R,)

Auditor (Rs)

Co-generation

(P)

Procedural gap —
uncertainty about
when to intervene or
hand over control
during shared
generation cycles.

Redundancy gap —
overlapping validation
steps cause duplicated
effort and unclear
division of
accountability.

Coordination gap —
boundaries between
operational and
supervisory authority
are undefined, leading
to unclear oversight.

Temporal gap —
maintenance updates
lag behind active
generation, creating
misaligned
responsibility over
time.

Trace gap —
frequent revisions
obscure provenance
and weaken
auditability of
collaborative outputs.

Blind steering
)

Epistemic gap —
operator makes
interventions without
understanding the
model’s reasoning or
underlying logic.

Informational gap —
reviewer must
approve opaque
results without access
to sufficient
explanatory
information.

Delegation gap —
coordinator lacks
visibility into model
behavior, limiting
capacity to allocate
responsibility.

Visibility gap —
maintainer corrects
issues without causal
insight into how or
why they occurred.

Traceability gap —
audit logs are
incomplete, leaving
the source and
accountability chain
uncertain.

Review and
approve (P;)

Normative gap —
operator is
accountable for
outcomes but lacks
the authority to
influence the system’s
behavior.

Credibility gap —
reviewer depends on
partial or unreliable
model evidence when
approving outputs.

Escalation gap —
overlapping
supervision tiers
create confusion
about who must
respond to identified
issues.

Feedback gap —
delayed return of
information blurs
accountability for
timely corrective
action.

Control gap —
auditor detects
noncompliance but
lacks the mandate or
tools to intervene
directly.

Autonomous
generation
(7

Disempowerment
gap — human
remains accountable
for outcomes
produced by unseen
or autonomous

Accountability gap
— reviewer formally
approves automation
results they have no
authority to modify.

Ownership gap —
distributed actors
share responsibility,
yet none assume clear
accountability for
outcomes.

Reactive gap —
maintainer acts only
after harm occurs,
leaving preventive
responsibility

Moral gap —
accountability is
deferred to post hoc
justification once
consequences become

processes.

unassigned. visible.

two measures: participant questionnaire ratings to capture perceived
improvement and expert ratings to evaluate the quality of the generated
requirement artifacts.

4.1.2. Variables and controlled factors

Independent variables. The manipulated factor in this study is
the analysis approach applied by participants. Two conditions were
defined:

» Approach 1 (baseline GORE): A conventional goal-oriented re-
quirements engineering (GORE) process following the five reason-
ing steps: identify goals, refine goals, assign agents, find obstacles,
and derive requirements.

» Approach 2 (enhanced GORE): The same five-step reasoning
process enhanced by the Backbone-Anchored Deductive Pipeline,
which introduces explicit analysis of system patterns, human
roles, and responsibility gaps prior to requirement derivation.

Dependent variables. The dependent variables were organized into
two groups corresponding to the two evaluation measures described
above.

First, participant-perceived improvement was measured through the
post-task questionnaire. Each dimension captures a specific aspect of
how the analysis approach influenced participant performance and
perceived quality, and together they align with the three analytical
layers and RQs of the study. Participants evaluated each dimension
(Completeness (RQ1), Consistency (RQ1), Process Traceability (RQ2),
Feasibility (RQ2), Representational Traceability (RQ3), Conformance
(RQ3), and Overall Effectiveness) through comparative statements of
the form: "Approach 2 is better than Approach 1 in terms of [di-
mension]”. Responses were recorded on a five-point Likert scale (1 =
Strongly Disagree, 5 = Strongly Agree), where higher scores indicate
stronger perceived improvement of the proposed approach.

Second, expert-rated artifact quality was measured through inde-
pendent expert assessment of the generated requirement artifacts. To
maintain consistency with the evaluation framework, the expert rat-
ing reused the same six evaluation attributes: Completeness, Consis-
tency, Process Traceability, Feasibility, Representational Traceability,

and Conformance. Unlike the participant questionnaire, which mea-
sured perceived improvement between approaches, the expert rating
applied these attributes directly to the generated requirement artifacts.
The assessment was conducted by two independent experts who did not
participate in the user study, with the detailed expert-rating procedure
described in Section 4.1.5.

Controlled factors. The following factors were managed to main-
tain internal validity rather than treated as variables. Specifically, two
GenAl-enabled clinical documentation scenarios were used as compa-
rable task contexts within the medical domain. Additionally, task order
was counter-balanced across participants to mitigate potential learning
effects, and participant profiles were kept homogeneous in background
and expertise to ensure that observed differences in results could be
attributed primarily to the analysis approach.

4.1.3. Participants and materials

Participants. A total of 24 participants took part in the user study.
They were recruited from academic and professional communities
across Hong Kong (7), Mainland China (5), Japan (9), and Australia
(3), providing an internationally diverse sample of analysts and practi-
tioners. Participants included computer science students (17), software
engineers (3), quantitative analysts (2), and early-career researchers
or scholars (2) in computing-related fields. This composition ensured
that all participants possessed basic analytical and problem-solving
competence relevant to requirements reasoning tasks, while differing
in domain specialization and professional context. Participation was
voluntary and uncompensated, and all responses were anonymized.

Materials. Each participant completed two analytical tasks based
on GenAl-enabled scenarios designed to vary the pattern of GenAl-
human interaction and human oversight required, including Scenario
A, Interactive Treatment-Plan Assistant, and Scenario B, Automated
Follow-up Summary Generator. Detailed scenario descriptions are pro-
vided in Appendix A.

4.1.4. Design and procedure
Design. Participants were randomly assigned to two balanced
groups. Group A completed Scenario A using the GORE approach and
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Scenario B using the enhanced GORE approach, whereas Group B per-
formed the same two scenarios in the reverse order. This design enabled
direct comparison between approaches while maintaining equivalence
in scenario exposure and task complexity.

Procedure. Each participant completed the entire study individu-
ally using an online form that presented the two scenarios sequentially.
The session followed the sequence below:

1. Briefing and consent. Participants reviewed the study information,
provided informed consent, and supplied basic background de-
tails (e.g., demographics, experience, and familiarity with SE/RE
and GenAl).

2. Task 1. Participants analyzed the assigned scenario using the
standard GORE approach. Instructions for the five reasoning
steps were provided inline within the online form to guide the
analysis.

3. Task 2. Participants analyzed the remaining scenario using the
enhanced GORE approach. They first conducted the proposed
Backbone-Anchored Deductive Pipeline analysis by identifying
the system pattern, human roles, and potential responsibility
gaps, and then proceeded through the five goal-oriented reason-
ing steps.

4. Comparative questionnaire. After both tasks, participants com-
pleted a short comparative questionnaire to evaluate the two
approaches based on the dimensions introduced in Section 4.1.2.

The two tasks were conducted under identical conditions across
participants, with materials, instructions, and task order controlled as
described earlier. Each session lasted approximately 40-60 min.

4.1.5. Data collection and validity considerations
Participant-perception data. Questionnaire and time data were
collected from the post-task comparative questionnaire and the self-
reported completion times recorded in the online form. All question-
naire responses were recorded using the same five-point Likert scale
with anchored descriptions introduced in Section 4.1.2. Responses on
the six evaluation dimensions plus one overall effectiveness item were
summarized using descriptive statistics (mean and standard deviation
(SD)) to characterize central tendencies and variation across partici-
pants. The additional item measuring overall effectiveness is used to
capture participants’ general perception of improvement when apply-
ing the enhanced GORE approach. For interpretive clarity, a mean
score above 3.0 indicated a generally favorable perception of the en-
hanced approach relative to the baseline. Self-reported task times were
analyzed descriptively to provide complementary evidence regarding
procedural feasibility. To strengthen conclusion validity, participant-
perception ratings were further analyzed using one-sample Wilcoxon
signed-rank tests against the neutral midpoint of 3. This test was
selected because the questionnaire data were ordinal and the compara-
tive statements measured whether participants perceived the enhanced
GORE approach as better than the baseline. Effect sizes were reported
using rank-biserial correlation. The internal consistency of the six
quality attribute dimensions was assessed using Cronbach’s alpha.
Expert-rating data. Expert-rating data were collected from the
independent assessment of the generated requirement artifacts. The
assessment was conducted by two independent experts who did not
participate in the user study and were blind to the study conditions. It
proceeded in two sequential stages. First, both experts independently
rated the complete set of generated requirement artifacts using the six
evaluation attributes and the additional overall artifact-quality item
on a five-point ordinal scale, without consulting each other during
this stage. After both independent assessments were completed, the
experts compared their ratings and reviewed cases in which their
scores differed. They discussed the rationale for these discrepant ratings
until consensus scores were reached, with higher scores indicating
higher artifact quality on the corresponding attribute. The resulting
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consensus scores were used in the subsequent expert-rating analysis.
The expert-rating results were summarized descriptively by comparing
the mean ratings of artifacts produced using the baseline and enhanced
approaches.

Qualitative data. The questionnaire included an optional open-
ended prompt inviting participants to comment on the strengths or
limitations of the two approaches. These comments were reviewed
through light content analysis to identify recurring perceptions related
to clarity, traceability, or effort. Given the small and uneven number
of responses, the qualitative findings were used solely to contextualize
the quantitative results rather than as independent evaluation metrics.

Validity considerations. Construct validity was supported by map-
ping each evaluation dimension directly to the corresponding RQ and
by triangulating participant perceptions with artifact-level evidence.
Internal validity was maintained through the within-subject, counter-
balanced design and consistent materials across conditions. Because
each participant applied the two approaches to different scenarios,
scenario-specific differences may still influence artifact-level compar-
isons. To mitigate this threat, the two scenarios were designed to be
comparable in domain, size, and task complexity, and the counter-
balanced assignment ensured that both scenarios were represented
under both approaches across participants. External validity benefited
from the internationally diverse yet analytically homogeneous partic-
ipant group. Conclusion validity was strengthened by incorporating
artifact-level evidence, reliability assessment, and inferential compar-
ison, while claims were still interpreted cautiously given the limited
sample size and controlled task setting. All anonymized data and
supplementary materials are available in the project’s public repository.

4.2. Results and analysis

This subsection presents the results of the controlled user study
and analyzes them with respect to the three RQs. Each RQ corre-
sponds to one analytical layer of the proposed methodology, conceptual
(RQ1), methodological (RQ2), and artifact-level (RQ3), and is evalu-
ated through two associated dimensions derived from the requirement
quality attributes defined in the relevant standard. The results are orga-
nized into three parts: participant demographics, results for RQ1-RQ3,
and an integrated discussion of key findings. Fig. 2 presents the distri-
bution of participant-perception data across all evaluation dimensions
using a 100% stacked bar chart. The overall effectiveness item received
broadly positive ratings (mean = 4.33, SD = 0.70), indicating that
participants viewed the enhanced GORE approach as generally more
effective across the evaluated dimensions. The six evaluation dimen-
sions showed acceptable internal consistency (Cronbach’s a = 0.736).
Therefore, the dimensions were interpreted individually according to
their corresponding RQs rather than combined into a single composite
score. The one-sample Wilcoxon signed-rank tests further showed that
all participant-perception ratings were significantly above the neutral
midpoint of 3, with large rank-biserial effect sizes (Table 8). In addition
to participant-perception results, the analysis reports expert ratings of
the generated requirement artifacts. As shown in Table 6, artifacts
produced using the enhanced GORE approach received higher mean
expert ratings than baseline artifacts on six of the seven artifact-
quality items, with the largest descriptive improvements observed for
consistency and representational traceability. These results should be
interpreted as descriptive patterns in the experts’ assessments of the
evaluated artifacts, rather than as conclusions extending beyond the
artifacts examined in this study.

4.2.1. Participant demographics

All 24 recruited participants completed both analytical tasks, yield-
ing a complete set of valid responses. Two-thirds of the participants
identified as male (66.7%) and one-third as female (33.3%). Most par-
ticipants were aged between 25-34 years (62.5%), followed by those
aged 18-24 years (33.3%). In terms of education, most participants
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Fig. 2. Distribution of participant responses across evaluation dimensions (five-point Likert scale; statement: “Approach 2 is better than Approach 1 in terms of

[dimension]”).

Table 6

Expert ratings of generated requirement artifacts under the baseline and enhanced approaches. Values report mean (M), standard
deviation (SD), and mean difference (Enhanced M - Baseline M) on a five-point ordinal scale (1 = Very poor, 5 = Excellent).

Attribute Baseline M Baseline SD Enhanced M Enhanced SD Difference
Completeness 3.63 0.77 3.67 0.70 +0.04
Consistency 3.67 0.82 4.46 0.78 +0.79
Process Traceability 3.79 0.78 3.71 0.86 -0.08
Feasibility 3.75 0.68 3.96 0.55 +0.21
Representational Traceability 3.67 0.92 4.46 0.83 +0.79
Conformance 4.21 0.78 4.58 0.58 +0.38
Overall Artifact Quality 3.71 0.81 3.88 0.80 +0.17

held a postgraduate degree, with 50% having completed a master’s
and 12.5% a doctoral qualification, while 37.5% held a bachelor’s
degree. Regarding professional experience, all participants reported
prior exposure to software or RE concepts, and 20.8% had less than
one year of experience, 41.7% had one to two years, 29.2% had three to
five years, and 8.3% had more than five years. Self-reported familiarity
with goal-oriented requirements engineering was generally moderate,
with most participants selecting level 3 on a five-point scale. All par-
ticipants indicated previous use of generative Al tools for coursework
or research, while 54.2% had developed or experimented with GenAl
software and 41.7% had conducted or supervised research involving
GenAl systems. No missing or incomplete data were recorded, and no
participant reported prior exposure to the proposed methodology.

4.2.2. Results for RQ1

Participant-perception results. RQ1l examines the conceptual
layer of the proposed methodology, focusing on the dimensions of
completeness and consistency. As shown in Fig. 2, participants rated the
enhanced approach (Approach 2) notably higher than the baseline goal-
oriented process (Approach 1) on both dimensions. The mean rating
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for completeness was 4.33 (SD = 0.56), and for consistency 4.04 (SD
= 0.46), reflecting strong agreement that the proposed methodology
offers a more comprehensive and coherent conceptual foundation for
oversight analysis. Most participants (over 90%) selected “agree” or
“strongly agree” on both dimensions, and none provided a rating below
neutral. These patterns indicate strong consensus that the enhanced
methodology provides a more systematic conceptual foundation for
reasoning about oversight requirements. The detailed distribution of
responses across all dimensions is provided in Table 10.
Expert-rating data. The expert-rating results provide artifact-level
evidence for the two RQ1 attributes. As shown in Table 6, artifacts
produced using the enhanced GORE approach received a slightly higher
mean rating for completeness than baseline artifacts (3.67 vs. 3.63),
and a substantially higher mean rating for consistency (4.46 vs. 3.67).
Qualitative observations. No substantial critical feedback was
raised regarding conceptual clarity or coverage. Participant submis-
sions generally reflected coherent reasoning and appropriate differ-
entiation of system and human oversight roles, indicating that the
enhanced process was well understood and consistently applied.
Interpretation. These results suggest that the proposed method-
ology improves the conceptual quality of oversight representation,
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Table 7

Comparison of task completion time (minutes).
Approach Mean SD
Approach 1 (Baseline) 29.13 8.15
Approach 2 (Enhanced) 30.58 8.38

Table 8

One-sample Wilcoxon signed-rank test results for participant-perception ratings
against the neutral midpoint of 3. Effect sizes are reported using rank-biserial
correlation.

Dimension Median wt P oy

Completeness 4 276 <.001 1.00
Consistency 4 253 <.001 1.00
Process Traceability 4 245 <.001 0.78
Feasibility 4 99 <.001 0.89
Representational Traceability 5 253 <.001 1.00
Conformance 4 231 <.001 1.00
Overall Effectiveness 4 231 <.001 1.00

especially in terms of consistency. The participant-perception results
indicate that analysts regarded the enhanced approach as more com-
plete and coherent, while the expert-rating results provide artifact-level
support primarily for improved consistency. This appears to result from
the method’s explicit structuring of key conceptual elements, such as
where human intervention is possible, what forms of transparency are
required, and which contextual dependencies matter. By externalizing
these conceptual distinctions, the methodology helps analysts align
system-side patterns, human-side roles, responsibility gaps, and derived
requirements within a clearer analytical structure. However, the rela-
tively small expert-rated difference in completeness suggests that the
method’s main benefit in this study was not simply increasing the
number or breadth of identified oversight concerns, but improving the
coherence with which those concerns were represented and connected.

4.2.3. Results for RQ2

Participant-perception results. RQ2 investigates the methodologi-
cal layer of the proposed methodology, focusing on process traceability
and feasibility. As shown in Fig. 2, participants rated the enhanced
approach (Approach 2) higher than the baseline goal-oriented process
(Approach 1) in both dimensions. The mean rating for process trace-
ability was 4.08 (SD = 1.10), indicating agreement that the deductive
structure improved transparency and linkage between analytical steps.
The mean rating for feasibility was 3.63 (SD = 0.77), suggesting
moderate agreement that the method was practically applicable within
the study setting. Most participants (around 83%) selected ‘“‘agree”
or “strongly agree” for process traceability, while over half (around
54%) responded positively for feasibility. The detailed distribution of
responses across all dimensions is provided in Table 10.

In addition to subjective comments, the recorded task durations
provide an objective indicator of feasibility. As shown in Table 7, the
mean completion time for Approach 1 (baseline) was 29.13 minutes
(SD = 8.15), while Approach 2 (enhanced) averaged 30.58 min (SD
= 8.38), with a mean difference of only 1.46 min. The individual
times in Table 11 show that some participants completed the task more
quickly using the baseline approach, whereas others completed it more
quickly using the enhanced approach, with no consistent pattern across
participants. This distribution indicates that the enhanced process does
not introduce a substantial time burden relative to the baseline.

Expert-rating data. As shown in Table 6, artifacts produced using
the enhanced GORE approach received a slightly lower mean rating
for process traceability than baseline artifacts (3.71 vs. 3.79), but a
higher mean rating for feasibility (3.96 vs. 3.75). This suggests that
the artifact-level evidence for RQ2 is stronger for feasibility than for
process traceability.

Qualitative observations. Participant feedback predominantly cen-
tered on the understandability, usability, and perceived time efficiency
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of the enhanced process. Participants acknowledged that Approach
2 provided a clearer and more traceable reasoning structure, how-
ever, they also highlighted that the structured process initially im-
posed a steeper learning curve. Representative comments include, "the
current learning curve is challenging”, "too long time required for
approach 2”, and "providing a quick reference cheat-sheet for each
step”. Two participants further suggested adding brief examples or
simplified explanations for technical terms to enhance readability.
Overall, these comments indicate that the perceived complexity was
primarily cognitive rather than procedural.

Interpretation. Participants perceived the enhanced approach as
improving the transparency and linkage of the reasoning process, and
the comparable task completion times suggest that this added structure
did not introduce a substantial procedural burden. The expert-rating
results, however, indicate that this perceived improvement in process
traceability was not consistently reflected in the final generated arti-
facts, as expert-rated process traceability remained slightly lower than
the baseline. This divergence suggests that the enhanced approach
may have supported participants’ reasoning during task execution, but
that the resulting reasoning chains were not always fully preserved or
made explicit in the submitted artifacts. In contrast, the higher expert-
rated feasibility score indicates that the enhanced approach helped
produce requirements that were judged as somewhat more practically
applicable within the scenario context. Overall, the results suggest
that the Backbone-Anchored Deductive Pipeline improved methodolog-
ical guidance and feasibility, while further refinement is needed to
ensure that the intermediate reasoning process is more consistently
documented in the final artifacts.

4.2.4. Results for RQ3

Participant-perception results. RQ3 examines the artifact layer of
the proposed methodology, evaluating representational traceability and
conformance in documenting the reasoning process and derived over-
sight requirements. As shown in Fig. 2, participants rated the enhanced
approach (Approach 2) higher than the baseline goal-oriented process
(Approach 1) on both dimensions. The mean rating for representational
traceability was 4.46 (SD = 0.66), reflecting strong agreement that the
Deductive Backbone Table and associated documentation improved the
visibility of reasoning links between conceptual elements, responsibility
gaps, and derived requirements. The mean rating for conformance
was 4.17 (SD = 0.64), indicating that participants found the arti-
fact structure consistent with the intended oversight representation
format. Most participants (over 90%) selected ‘“‘agree” or “strongly
agree” for representational traceability, and 87.5% provided positive
ratings for conformance. The detailed distribution of responses across
all dimensions is provided in Table 10.

Expert-rating results. As shown in Table 6, artifacts produced
using the enhanced GORE approach received substantially higher mean
ratings for representational traceability than baseline artifacts (4.46 vs.
3.67), and higher mean ratings for conformance (4.58 vs. 4.21). This
indicates that the strongest artifact-level improvement was observed in
representational traceability, while conformance also improved despite
the relatively high baseline score.

Qualitative observations. Participant feedback on artifact quality
primarily concerned the interpretability of the documentation. One
participant mentioned that "for the explanation of the meaning of pro-
fessional terms, a simple example can be given”, indicating that while
the artifact’s structure was effective, some of its terminology could
be made more accessible. This comment suggests that interpretabil-
ity could be improved through the inclusion of illustrative examples
or concise definitions, particularly for readers less familiar with RE
formalisms.

Interpretation. Participants perceived the enhanced approach as
improving both representational traceability and conformance, and the
expert-rating results show corresponding artifact-level improvements
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on both attributes. The particularly strong improvement in representa-
tional traceability suggests that the Deductive Backbone Table helped
preserve explicit links among conceptual elements, responsibility gaps,
and derived oversight requirements. The improvement in conformance
further indicates that the enhanced artifacts were judged as more
closely aligned with the intended documentation structure of the pro-
posed methodology. These findings support the role of the Deduc-
tive Backbone Table as a reusable representation for documenting
responsibility-gap analysis and oversight requirement derivation. At
the same time, the qualitative feedback suggests that the artifact’s
interpretability could be further improved by adding concise definitions
or examples for technical terms, especially for users less familiar with
RE formalisms.

4.2.5. Discussion and limitations

Divergence in process traceability results. A notable exception
to the generally positive pattern concerns process traceability. Al-
though participants generally perceived the enhanced GORE approach
as improving the transparency and linkage of the reasoning process,
several participants still rated the enhanced approach below neutral on
this dimension. In addition, the expert-rating results showed a slight
decrease in process traceability for the enhanced artifacts compared
with the baseline artifacts. This divergence may be explained by three
related factors. First, the Backbone-Anchored Deductive Pipeline is
not fully linear: system pattern analysis and human role analysis are
conducted as two parallel analytical inputs before being integrated
during responsibility-gap analysis. Although this structure reflects the
conceptual logic of the methodology, it may be more difficult for
participants to document as a single sequential reasoning chain. Sec-
ond, the enhanced approach introduces more intermediate reasoning
constructs. This added analytical depth may have improved conceptual
and artifact-level quality, but it also increased the burden of preserving
explicit links among all intermediate steps in the final written artifacts.
Third, the study instructions may not have sufficiently emphasized
how participants should record trace links across the parallel and
sequential parts of the pipeline. As a result, participants may have
used the pipeline to guide their reasoning internally while leaving
some intermediate connections implicit in their submitted artifacts. A
priority for future work is therefore to compare alternative instruction
formats and artifact templates to determine whether the observed
process traceability divergence reflects a limitation of the methodology
itself or instead resulted from the user-study materials.

Simplified representation of control and transparency. As ac-
knowledged in Section 3.3, the methodology intentionally models each
dimension as a single analytical attribute within the deductive back-
bone to maintain a concise and tractable structure. Participant reason-
ing artifacts and feedback revealed that perceptions of transparency
and control varied across analytical layers: some participants asso-
ciated transparency with clearer traceability of reasoning, whereas
others referred to the interpretability of generated outputs or human
decision visibility. Similarly, control was largely treated as a binary
capacity for human intervention rather than as a continuum spanning
procedural oversight, adaptive adjustment, and real-time response. This
abstraction proved sufficient for evaluating conceptual completeness
and consistency (RQ1) but constrains applicability in complex oversight
settings where these layers interact dynamically. Future work will
refine the treatment of control and transparency to incorporate such
sub-dimensions while preserving the backbone’s analytical coherence
and methodological clarity.

Dependence on subjective expert judgments. The characteriza-
tion of responsibility gaps and the assessment of oversight attributes
relied on participants’ qualitative interpretations of design information
and role descriptions. Variation in feasibility ratings (SD = 0.77, the
second highest among all dimensions) and several qualitative com-
ments on learning effort and clarity suggest interpretive differences
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among analysts. Such reliance on individual judgment, while inher-
ent to requirements reasoning, introduces subjectivity that may affect
methodological consistency (RQ2). To mitigate this, future work should
incorporate more objective reference schemes, such as standardized
audit checklists or benchmark cases, and include multiple stakeholder
perspectives (e.g., developers, auditors, and end-users) to establish
shared criteria for evaluating control and transparency.

Organizational and social boundary conditions. The methodol-
ogy focuses on analytical traceability and representational conformance
but does not directly address how oversight responsibilities are enacted
within organizational or social contexts. The controlled study delib-
erately abstracted away contextual influences such as managerial au-
thority, cultural norms, or accountability distribution. However, prior
studies and practitioner reports indicate that organizational structures
can reshape or even displace accountability, for example, transferring
liability for AI errors to designated human reviewers despite trans-
parent documentation [54]. This limitation reflects the boundary of
analytical evaluation rather than a deficiency in methodology de-
sign. Future research should therefore investigate how the documented
responsibility structures interact with governance mechanisms, incen-
tive systems, and institutional culture to ensure that representational
accountability translates into equitable and enforceable practice.

Limited industrial and cross-domain validation. The present
study evaluates the proposed methodology through controlled analyti-
cal tasks rather than larger-scale validation in real industrial projects.
This design supports focused comparison between the baseline and
enhanced approaches, but it limits the extent to which the findings can
demonstrate practical effectiveness in organizational settings. In addi-
tion, the experimental scenarios were limited to selected GenAl-enabled
application contexts, which may not fully represent the diversity of
domains in which responsibility gaps arise. In real GenAl-enabled
software projects, responsibility-gap analysis may be influenced by
additional factors, such as stakeholder negotiation, time pressure, reg-
ulatory constraints, toolchain integration, domain-specific risks, and
organizational accountability structures. Therefore, the results should
be interpreted as initial evidence of the methodology’s analytical use-
fulness and perceived value, rather than as conclusive evidence of
industrial or cross-domain effectiveness. Future work should evaluate
the methodology in larger and more realistic project settings, includ-
ing real GenAl-enabled software development or governance contexts
across multiple domains.

4.3. Threats to validity

This subsection outlines potential factors that may threaten the
validity of the study across four dimensions.

4.3.1. Construct validity

Construct validity may be threatened if participants interpreted
the evaluation dimensions differently from the intended meaning. Al-
though the measures were derived from ISO/IEC/IEEE 29148:2018
requirement quality attributes, participants’ subjective understanding
of concepts such as “completeness”, "traceability”, or "conformance"
could still vary. For each attribute, a brief explanatory sentence was
provided in the questionnaire to clarify its intended meaning, but
individual differences in interpretation may nevertheless occur. Such
variation could lead to inconsistent use of the Likert scale, making the
scores reflect perception rather than the intended construct of oversight
quality.

4.3.2. Internal validity

Internal validity could be affected by residual differences between
the two task scenarios used in the within-subject design. Because
each participant applied the two approaches to distinct scenarios,
any observed performance difference may partly stem from scenario-
specific complexity rather than methodological effect. Learning or fa-
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tigue effects might also influence results, as participants could perform
differently on the second task after becoming more familiar with the
reasoning process.

4.3.3. External validity

External validity may be limited by the composition of the partici-
pant group, domain coverage, and the experimental setting. Although
participants were recruited from multiple regions and all had prior
exposure to software or RE concepts, the sample was still dominated
by students and early-career participants, with relatively fewer indus-
trial practitioners. This limits the extent to which the findings can
be generalized to experienced requirements engineers, project man-
agers, compliance officers, or domain experts working on deployed
GenAl-enabled systems. In addition, the study used controlled textual
scenarios within a limited set of GenAl-enabled application contexts
rather than real project artifacts from diverse domains. While these
scenarios helped ensure comparability across participants, they cannot
fully capture the complexity of industrial RE practice, such as stake-
holder negotiation, evolving requirements, tool support, organizational
constraints, and domain-specific accountability mechanisms.

4.3.4. Conclusion validity

Conclusion validity may be threatened by the small sample size and
the limited statistical power of the analysis. To mitigate this threat, we
supplemented descriptive statistics with one-sample Wilcoxon signed-
rank tests, effect-size estimates, and reliability assessment of the
participant-perception questionnaire. Nevertheless, statistical general-
ization remains limited, and the results should be interpreted as initial
evidence rather than conclusive proof of effectiveness. In addition, the
interpretation of open-ended comments during qualitative coding may
introduce researcher subjectivity, potentially affecting the consistency
of derived themes. The open-ended question in the questionnaire was
optional, meaning that not all participants provided comments, which
may lead to self-selection bias and limit the representativeness of
qualitative insights.

5. Conclusion

This study proposes a design methodology for understanding, identi-
fying, and documenting responsibility gaps in GenAl-enabled software
from a human oversight requirements perspective. By integrating re-
sponsibility gap analysis into established RE practices, the methodology
enables the systematic conceptualization, derivation, and documenta-
tion of oversight requirements grounded in the distribution of respon-
sibility between human and generative components. The multi-layer
methodology, comprising conceptualization, methodological, and ar-
tifact levels, supports a consistent process for defining responsibility
elements, analyzing their interactions to reveal potential gaps and
derive oversight requirements, and representing the resulting reasoning
trace in a structured and reusable form. In a controlled user study
comparing the proposed methodology with a baseline goal-oriented
RE process, participant-perception results indicated generally favor-
able evaluations of the enhanced approach across the six RQ-aligned
dimensions. Expert-rating results further provided artifact-level evi-
dence that the enhanced approach improved several quality character-
istics of the generated requirement artifacts, especially consistency and
representational traceability.

Nevertheless, these findings should be interpreted in light of the
student- and early-career-dominated sample and the use of controlled
scenarios. The methodology has not yet been validated in indus-
trial GenAl-enabled software projects, limiting the generalizability of
present evidence.

Future work will focus on refining the methodology and validating
it in broader, more realistic settings. First, the internal structure of
the Backbone-Anchored Deductive Pipeline should be improved to
make process traceability more explicit in the final artifacts. Second,
the representation of control and transparency should be refined to
capture more fine-grained sub-dimensions, such as procedural over-
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sight, real-time intervention, evidential transparency, and interpretabil-
ity of generated outputs, while preserving the backbone’s analytical
clarity. Third, future studies should involve larger and more diverse
practitioner groups and multiple stakeholder roles, such as require-
ments engineers, developers, auditors, domain experts, and end-users,
to establish more objective assessment criteria and reduce reliance on
individual interpretation. Finally, the methodology should be evalu-
ated in real GenAl-enabled software development or governance con-
texts across multiple domains to examine whether the documented
responsibility structures remain useful under practical constraints.
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Appendix A. Scenario descriptions

This section includes the two GenAl-enabled healthcare scenarios
used in the user study described in Section 4.

Scenario A: Interactive treatment-plan assistant

A hospital uses a GenAl-based assistant to help physicians cre-
ate personalized treatment plans for patients with chronic conditions.
During each consultation, the attending physician enters the patient’s
current data and preferences into the system. The Al assistant imme-
diately proposes several treatment options and shows its reasoning,
confidence levels, and relevant medical-guideline references on an
explanation panel. The physician can adjust the inputs, change as-
sumptions, or ask the assistant for alternative suggestions. The system
updates its recommendations right away and shows how each change
affects expected outcomes. The physician and the assistant work to-
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Table 9
Summary of participant demographics and backgrounds.
Category Response option Percentage (%)  Count
Male 66.7 16
Gender
Female 33.3 8
18-24 33.3 8
Age Range 25-34 62.5 15
35-44 4.2 1
Bachelor’s degree or 37.5 9
equivalent
Highest Education Master’s degree or 50.0 12
equivalent
Doctoral degree (Ph.D. or 12.5 3
equivalent)
Years of Less than 1 year 20.8 5
Experience in 1-2 years 41.7 10
SE or RE 3-5 years 29.2 7
Concepts More than 5 years 8.3 2
Level 1 (No. familiar) 20.8 5
Familiarity Level 2 25.0 6
with Goal- Level 3 41.7 10
Oriented RE Level 4 12.5 3
Level 5 (Very familiar) 0.0 0
Used GenAl tools for 100.0 24
coursework or research
Experience with Developed or experimented 54.2 13
GenAl with GenAl software
Conducted or supervised 41.7 10
research in GenAl systems
Table 10
Distribution of participant ratings.
Evaluation 1 2 3 4 5 M SD
Dimension
Completeness 0 0 1 14 9 4.33 0.56
Consistency 0 0 2 19 4.04 0.46
Process 1 2 1 10 10 4.08 1.10
Traceability
Feasibility 0 1 10 10 3.63 0.77
Representational 0 0 2 9 13 4.46 0.66
Traceability
Conformance 0 0 3 14 7 4.17 0.64
Overall 0 0 3 10 11 4.33 0.70
Effectiveness

gether until a suitable plan is reached, and the physician formally
approves and records the final treatment plan.

Information and Software Technology 200 (2026) 108319

Scenario B: Automated follow-up summary generator

A hospital has introduced a GenAl-based system to support patient
communication after discharge. After each hospitalization, the AI sys-
tem gathers information from patient records, discharge notes, and
recent progress reports. It automatically drafts follow-up summaries
that include medication instructions, recovery reminders, and contact
information for further assistance. The messages are delivered to pa-
tients through the hospital information system as part of the routine
follow-up process. The attending physician and nursing staff can access
general follow-up statistics and occasionally review selected summaries
for quality assurance. Routine message generation and delivery take
place automatically without requiring direct human input for each
case. The clinical oversight coordinator monitors overall performance
through periodic reports that include message completion rates and
patient feedback indicators. The system operates largely on its own to
manage patient follow-up communication, while clinical staff provide
oversight through scheduled reviews and quality monitoring.

Appendix B. Participant demographics and backgrounds

Table 9 summarizes the demographic and background information
of 24 participants who completed the user study. Percentages are
calculated over all valid responses (n = 24). All data were self-reported
and fully anonymized.

Appendix C. Distribution of participant ratings

Table 10 presents the distribution of participant ratings on the 1-5
Likert scale across the six evaluation dimensions and the overall metric
used to assess the two approaches., along with the corresponding mean
(M) and standard deviation (SD) for each dimension. Percentages are
calculated over all valid responses (n = 24).

Appendix D. Participant task completion times

Table 11 shows the task completion times (in minutes) for each
participant under both approaches. Each column corresponds to one
participant (01-24). The bottom row reports the mean and standard
deviation across all participants.

Data availability

This work was partially conducted during the author’s visit to
Waseda University.

Table 11

Participant task completion times by approach (minutes).
Participant ID 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Approach 1 Time 40 30 35 30 25 20 30 40 18 40 20 30 20 20 25 20 50 25 30 28 30 35 35 23
Approach 2 Time 25 56 40 35 30 25 30 30 26 20 40 30 40 30 30 40 35 25 17 28 30 25 20 27
Time Difference 5 -26 -5 -5 -5 -5 0 10 -8 20 -20 O -20 -10 -5 -20 15 O 13 0 0 10 15 -4

Overall mean (Approach 1 = 29.13 + 8.15 min, Approach 2 = 30.58 + 8.38 min, Difference = —1.46 + 12.47 min).
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