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Abstract

Al systems often fail when their designs do not fit the needs,
values, capacities, or constraints of the people they are meant
to serve. Prior work has identified many reasons why this
alignment can break down, including limited stakeholder
authority, organizational incentives, deployment constraints,
and power imbalances. Much of this work emphasizes elicit-
ing the right stakeholder needs from the right people. We ex-
amine what happens after elicitation, when developers must
translate stakeholder needs into concrete requirements and
downstream Al design choices.

We conducted a controlled human-subjects study (n
49) using Requirements Engineering (RE) artifacts to study
this stakeholder-to-design translation process. Participants
worked from stakeholder scenarios to produce requirements
artifacts, then selected Al system components to “build” sys-
tems they believed would best fit each context. We evalu-
ated these design choices against expert judgments of best-fit,
aligned Al designs for each scenario.

We find that conventionally well-formed requirements were
not significantly associated with Al design choices that more
closely matched expert judgments. Neither self-reported Al
knowledge nor prior Al development experience significantly
predicted design performance. In contrast, participants whose
requirements identified plausible stakeholders, articulated
contextually grounded goals, foregrounded human needs or
constraints, and acknowledged relevant values were more
likely to produce expert-aligned Al designs. We identify these
dimensions as stakeholder-grounded reasoning. Our findings
suggest that preserving stakeholder context through early de-
sign depends not only on eliciting stakeholder needs, but also
on how developers translate those needs into written design
guidance. Al development workflows should more explicitly
teach, support, and evaluate this translation step so that stake-
holder context is preserved as teams move from stakeholder
needs to technical design.

1 Introduction

Artificial Intelligence (Al) systems are increasingly used to
address societal challenges across domains such as health-
care, education, and social welfare. In these settings, Al sys-
tems may shape high-stakes decisions, mediate access to
resources, and influence how benefits and harms are dis-
tributed across populations (Shi, Wang, and Fang 2020).
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Stakeholder-Grounded Reasoning

Translation: Al System Improved
Scenarios  —~ Requirements — Se\eyction Translation &
Engineering Alignment

Figure 1: Stakeholder-grounded requirements engineering to
support translation from stakeholder scenarios to Al sys-
tems.

Motivation. Despite their promise, Al systems frequently
fail in real-world settings because of misalignments between
system designs and deployment realities (Lin et al. 2024; Hu
etal. 2025). In this paper, we use alignment to refer to the ex-
tent to which an Al system’s objectives, assumptions, tech-
nical capabilities, and operational constraints fit the needs,
values, capacities, and constraints of the stakeholders it is
intended to serve or affect.

Prior work has identified many reasons why alignment
can break down during Al development. Stakeholder goals
may be displaced by funder priorities, technology-team in-
centives, deployment constraints, power dynamics, or lim-
ited stakeholder authority over technical decisions (Lin et al.
2024; Erete et al. 2025; Majumdar et al. 2025). In response,
researchers have emphasized participation, co-design, and
more equitable governance as ways to better surface stake-
holder needs and ensure they shape Al development (Zytko
et al. 2022; Delgado et al. 2023; Birhane et al. 2022).

These approaches are critical, but surfacing stakeholder
needs does not guarantee that those needs are addressed by
technical design. For example, stakeholders may express a
need for timely support, but developers must decide whether
that need is best modeled as an automated prediction task,
a decision-support tool, a human review process, or some
combination. Each technical implementation choice encodes
different assumptions about what errors are acceptable, what
data are appropriate, how much human judgment should be
involved, and beyond.

This points to a difficult “translation” problem. Previous
literature recognizes that moving from stakeholder needs to
technical specification is challenging because needs are of-
ten broad or ambiguous, while specifications must be con-



crete and specific enough to guide design decisions (Van de
Poel 2013; Li et al. 2015). This difficulty is also recognized
in literature focusing specifically on Al formulations (Sax-
ena et al. 2025; Passi and Barocas 2019; Kross and Guo
2021). However, we have limited empirical guidance on
what developers should preserve during specification to
maintain alignment in Al systems.

Approach. We examine this translation problem through
Requirements Engineering (RE), a common software engi-
neering process for converting stakeholder needs into action-
able design guidance (Pacheco and Garcia 2012; Liywalii
2024; Ahmad et al. 2023). In RE, techniques for specifica-
tion produce written outputs that express how stakeholder
needs have been interpreted as requirements, constraints,
success criteria, and design priorities. We use these writ-
ten requirements outputs as an inspectable site for study-
ing stakeholder-to-design translation. Our central question
is whether particular properties of these outputs are associ-
ated with downstream Al designs that better fit stakeholder
needs, values, capacities, and constraints.

To answer this question, we conducted a controlled
human-subjects study. Rather than eliciting needs from live
stakeholders, participants worked from the same fixed stake-
holder scenarios, allowing us to hold constant problem con-
text, stakeholder narrative, stated goals, contextual con-
straints, and design information. For each scenario, partic-
ipants produced requirements outputs, then selected Al sys-
tem components to “build” a system they believed would
best fit the stakeholder context. We evaluated these selec-
tions against judgments from Al experts (Section 4.1).

We first test whether participants who produce high-
quality requirements, as measured by conventional RE
rubrics, also produce Al designs that are significantly asso-
ciated with expert-aligned AI design choices. We find they
do not. Self-reported Al knowledge and prior Al develop-
ment experience also do not significantly predict design per-
formance. Instead, we find that stronger alignment is asso-
ciated with what we call stakeholder-grounded reasoning—
the extent to which a requirements artifact preserves stake-
holder roles, contextually realistic goals, human needs and
constraints, and relevant values (Section 4.3). Participants
whose requirements reflected these dimensions produced Al
designs that were significantly closer to expert judgments.

Human-Centered Design (HCD) and Value Sensitive De-
sign (VSD) already emphasize attention to human needs,
contextual constraints, and values (Margetis et al. 2021; Van
Der Hoven and Manders-Huits 2020). Our results provide
empirical evidence that applying these principles during the
translation from stakeholder context to technical design is
associated with stronger downstream alignment, motivating
more explicit support and evaluation of this translation step
in Al development.

In this paper, we make the following contributions:

1. We present a controlled human-subjects study of
stakeholder-to-design translation in Al development, us-
ing RE artifacts to investigate how stakeholder needs are
converted into design guidance.

2. We identify and operationalize stakeholder-grounded
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reasoning as a measurable construct for evaluating
whether translation artifacts preserve stakeholder roles,
contextual goals, human needs, and relevant values.

3. We provide empirical evidence that stakeholder-
grounded reasoning in requirements artifacts is asso-
ciated with Al design choices that more closely match
expert judgments of aligned Al systems, while conven-
tional requirements quality, self-reported Al knowledge,
and prior Al development experience are not significant
predictors in our study.

2 Related Work

We investigate how stakeholder needs are translated into Al
design choices. We first review work on alignment in Al
systems, then discuss socio-technical design approaches that
seek to keep stakeholder needs and values central to system
development. Finally, we describe the RE artifacts used in
our study and explain why they provide a useful site for ex-
amining stakeholder-to-design translation.

2.1 Stakeholder Alignment in AI Systems

Misalignment between Al systems and the needs, values,
and constraints of stakeholders is well documented. Prior
work shows that Al failures often arise from mismatches be-
tween problem framing, system objectives, evaluation met-
rics, and real-world definitions of success (Varshney and
Mojsilovic 2019; Shi, Wang, and Fang 2020; Lin et al. 2024;
Saxena et al. 2025; Passi and Barocas 2019). Such systems
may be technically functional while remaining unusable or
unsustainable for the populations affected by them.

These failures can emerge throughout the AI develop-
ment pipeline. Projects may face limited stakeholder par-
ticipation, recruitment challenges, or power imbalances that
constrain whose needs shape the system (Kim et al. 2025;
Birhane et al. 2022). Later, systems may fail because they
lack deployment support, maintenance capacity, or evalua-
tion metrics that capture stakeholder-defined outcomes be-
yond technical performance (Varshney and Mojsilovic 2019;
Lin et al. 2024; Bondi et al. 2021). This literature motivates
our focus on translation and alignment.

2.2 Participation, Values, and Stakeholder Needs

Participatory Al, HCD, and VSD offer approaches for ensur-
ing that stakeholder needs, constraints, and values shape sys-
tem development. Participatory approaches involve affected
stakeholders in problem formulation, design, and evaluation,
often in response to concerns that technical teams may oth-
erwise reproduce institutional priorities or power asymme-
tries (Zytko et al. 2022; Delgado et al. 2023; Birhane et al.
2022). HCD emphasizes human needs and contexts of use,
while VSD foregrounds the values and ethical commitments
implicated by technical systems (Margetis et al. 2021; Van
Der Hoven and Manders-Huits 2020).

These approaches surface stakeholder needs but do not
necessarily focus on including those needs during translation
to technical design. Once input has been elicited, developers
must convert it into requirements, objectives, data assump-
tions, model choices, and evaluation criteria—a translation



in which stakeholder needs may be simplified into generic
user goals, converted into model-centered objectives, or sep-
arated from the constraints and values that made them mean-
ingful. While some technical methods aim to allow stake-
holders to shape modeling choices like objective functions
directly (e.g., (Behari et al. 2024)), we broadly examine this
translation step, including high-level model choices.

2.3 Requirements Engineering

Requirements Engineering (RE) is a software engineering
process concerned with identifying, analyzing, document-
ing, and prioritizing system goals, constraints, and assump-
tions (Pacheco and Garcia 2012; Ahmad et al. 2023). Be-
cause RE is intended to translate stakeholder needs into ac-
tionable guidance for development, it provides a useful lens
for studying whether stakeholder intent is preserved as tech-
nical design decisions are made.

In this paper, we focus on user stories, acceptance criteria,
and prioritization methods, which are commonly used RE
techniques in agile software development contexts (Cohn
2004; Franch et al. 2024). These artifacts usually fall within
requirements specification, where stakeholder interactions
are converted into statements that guide design and imple-
mentation. We use classic RE approaches because relatively
little work has empirically examined whether common RE
artifacts support early Al design decisions. This allows us
to study foundational RE concepts before evaluating more
complex or domain-specific methods.

Definition. User stories are short, structured statements that
describe functionality from the user’s perspective. They help
keep development centered on stakeholder goals and needs.

Format:

As a [type of user], I want [to do something], so that
[I achieve this goal].

Example.

As a patient, I want to control how my medical images
are used in training, so that I can protect my privacy.

Acceptance Criteria

Definition. Acceptance criteria define the conditions under
which a user story is considered complete and successful.
They clarify ambiguity and specify how a requirement can
be tested against stakeholder expectations.

Format.

Given some initial context, When a specific action is
taken, Then a desired outcome should occur.

Example.

Given that I am completing hospital consent forms,
when I am asked about the use of my medical data for
educational purposes, then I must have a clear option
to either consent or decline.
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MoSCoW Method

The MoSCoW method is a prioritization technique that cate-
gorizes requirements by importance (Clegg and Barker 1994):

» Must have: required for the system to work.

» Should have: important, but not essential.

* Could have: useful, but lower priority.

* Won’t have: explicitly excluded from current scope.

We evaluate conventional user story quality using a rubric
adapted from the INVEST framework (Buglione and Abran
2013) (Section 4.2), which provides a structured lens for
assessing whether user stories are well formed. We ob-
serve that conventional RE rubrics assess whether require-
ments are procedurally well formed, but they may not cap-
ture whether requirements preserve the stakeholder context
needed for Al design. We therefore compare conventional
requirements quality with stakeholder-grounded reasoning
as predictors of stakeholder-aligned Al design.

3 Study Design

We conducted a controlled human-subjects study to exam-
ine how developers translate stakeholder needs into require-
ments artifacts and Al design choices. The study had four
phases, administered via a Qualtrics survey: (1) RE training,
(2) requirements artifact creation, (3) Al system design, and
(4) a post-task questionnaire. !

Our study is guided by three research questions:

* RQ1: Is requirements quality, as measured by conven-
tional RE rubrics, associated with more expert-aligned
Al design choices?

* RQ2: Which properties of requirements artifacts are as-
sociated with more expert-aligned Al design choices?

* RQ3: Is lightweight RE training associated with higher-
quality requirements artifacts during stakeholder-to-
design translation?

3.1 Participant Recruitment

Participants were recruited via email outreach, social media,
and the Prolific crowdsourcing platform (Prolific 2024). Eli-
gibility criteria included being at least 18 years old, fluent in
English, and having prior programming experience. Partici-
pants also self-reported completion of or current enrollment
in an introductory data structures and algorithms course.
We recruited participants with programming experience
because our goal was to study people who plausibly could
be, or soon become, developers of Al systems. Such devel-
opers may be asked to translate stakeholder needs into de-
sign choices even if they have not received formal RE train-
ing. Participants who completed the study received $30 in
compensation. The study protocol was approved by our In-
stitutional Review Board (protocol HUM00272282).

'Study materials, including stakeholder scenarios, survey,
rubrics, etc. are available at https://github.com/realize-1ab/RE- Al



Group Category Total Prolific Other

Age
18-24 31 6 25
25-39 15 13 2
40+ 3 3 0
Gender
Man 38 14 24
Woman 11 8 3
Race / ethnicity
Black or African American 17 16 1
Asian 14 0 14
White 15 5 10
Mixed race 3 1 2
Current education
UG CS 14 7 6
MS CS 8 7 1
PhD CS 8 7 1
UG non-CS 10 2 8
MS non-CS 6 3 3
PhD non-CS 1 1 0
None 4 2 2
Current job
CS industry 19 13 6
CS academia 7 1 1
Other industry 3 1 2
Other academia 7 7 0
Self-employed 1 1 0
Not working 13 0 13

* Participants could select multiple education or job categories.

Table 1: Participant demographics and recruitment.

3.2 Participant Demographics

We report demographics in Table 1. Participants were pri-
marily young, with 63% aged 18-24, 31% aged 25-39, and
6% aged 40 or older. The sample skewed male, with 78%
identifying as men and 22% identifying as women. Partici-
pants reported diverse racial and ethnic backgrounds, includ-
ing Black or African American (35%), Asian (29%), White
(31%), and multiracial (6%) identities. Participants varied in
educational and professional background, including under-
graduate students, master’s students, PhD students, industry
practitioners, and participants outside computer science.

3.3 Training Conditions

Participants were randomly assigned to one of three RE
training conditions. All conditions introduced the same core
RE concepts: user stories, acceptance criteria, and MoSCoW
prioritization (Section 2.3). The conditions varied in how
much structured instruction and practice participants re-
ceived before completing the specification task.

Minimal Training. Participants received basic definitions
of user stories, acceptance criteria, and MoSCoW prioriti-
zation. This condition did not include examples, a training
scenario, reflective prompts, or interactive exercises.

Generic RE Training. Participants received detailed,
standard RE instruction grounded in a stakeholder scenario
(Section 3.4) about a hospital residency program that could
no longer use real patient MRI scans for diagnostic training
because of privacy concerns. The stakeholder requested a
generic (non-Al) software platform to support resident train-
ing. With the stakeholder scenario as context, the training
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introduced user stories, acceptance criteria, and MoSCoW
prioritization through examples, interactive exercises, and
practice applying these techniques.

RE Training with AI Context. Participants received the
same instructional structure and underlying hospital MRI
training scenario as the generic RE condition, but the stake-
holder explicitly requested an Al-based solution, such as
generating realistic synthetic MRI images for training. This
condition allowed us to test whether adapting the training
context to Al development, without otherwise changing the
RE instruction, affected later artifacts or Al design choices.

3.4 Stakeholder Scenarios

To contextualize the RE techniques, we use a fictional stake-
holder scenario, a structured narrative simulating an early-
stage scoping conversation between a developer and a stake-
holder. Scenarios have been shown to be an effective tem-
plate for requirements elicitation (Cirqueira et al. 2020).
Each scenario introduces a focal stakeholder, their context,
and a challenge they face. Following established scenario
design practices, scenarios specify stakeholder goals, con-
straints, and relevant contextual factors. Each scenario was
constructed with an intended best-fit Al design in mind. Sce-
narios also include distractor cues, or details that make cer-
tain design options appear reasonable even though they are
ultimately misaligned with stakeholder goals or constraints.
These cues prompt participants to distinguish viable from
unsuitable options, reinforcing trade-off analysis central to
effective RE (Laplante and Kassab 2022).

3.5 Participant Tasks

After training, all participants completed tasks for four new
stakeholder scenarios. Each participant saw the same four
scenarios, and scenario order was randomized to reduce or-
der effects. The scenarios spanned multiple application do-
mains, including social care, urban planning, education, and
environmental sustainability.

For each stakeholder scenario, participants produced re-
quirements artifacts intended to capture the stakeholder
needs and constraints they believed should guide system de-
velopment. Specifically, participants:

1. Identified the number of key stakeholders they believed
were most relevant to the scenario,

2. Wrote user stories for those stakeholders,

. Wrote acceptance criteria for each user story, and

. Prioritized acceptance criteria using MoSCoW.

[O]

After creating requirements artifacts for a scenario, par-
ticipants selected Al system components to “build” an Al
system they believed would best fit the stakeholder context.
The task included five curated, non-exhaustive design cat-
egories: data type, learning paradigm, model type or tech-
nique, training regime, and system behavior or setting. Par-
ticipants selected one option from each category and could
consult a reference document defining the available options.
Table 2 summarizes the categories and example options.

The component set was constrained to support compar-
ison across participants. Our goal was not to simulate full



Category Options
Learning Supervised; unsupervised; reinforcement; semi-
paradigm supervised; imitation; human-in-the-loop learn-

ing

Model type / Graph neural networks; transformers; bandits;

technique clustering; rule-based systems; diffusion mod-
els

Data type Numeric; tabular; images; audio; time series

Training Transfer learning; few-shot/meta learning; pre-

regime trained models; trained from scratch

System behav-
ior / setting

Complementary; cooperative; fully interactive;
decision support; autonomous

Note. System behavior/setting options vary in human involvement, from decision
support and deferral to cooperative, continuous, or autonomous operation.

Table 2: Al system component categories used in the design
task.

Al system design, but to evaluate whether participants’ de-
sign choices were appropriate for the stakeholder goals and
constraints represented in the scenarios.

3.6 Post-Task Questionnaire

To mitigate stereotype threat, participants completed a post-
task questionnaire after completing the training, require-
ments task, and Al design tasks. We collected demographic
information, self-reported theoretical AI knowledge, and
self-reported practical Al development experience.

4 Analysis Methodology

Our analysis examines whether different properties of
participant-authored requirements artifacts are associated
with stakeholder-aligned Al design. We compare require-
ments artifacts to participants’ downstream Al component
selections. Our analysis proceeds in four steps. First, we
define an expert reference set for Al systems with good
alignment. Second, we score participant Al design choices
against that reference set. Third, we evaluate participant-
authored requirements artifacts using both conventional RE
rubrics and our stakeholder-grounded reasoning rubrics.
Fourth, we use regression models to examine which mea-
sures are associated with stakeholder-aligned Al design.

Data Cleaning Participants were instructed not to use
generative Al tools during the study and consented to this
condition. Responses were excluded if they contained ex-
plicit ChatGPT or similar prompting stems, if they later self-
reported using generative Al tools during the study in a self-
report item, or if their responses were unintelligible (gibber-
ish, or the same copy pasted response for each question).
From an initial sample of 61 respondents, the final analysis
includes 49 participants.

4.1 Assessing Al-Stakeholder Alignment

To evaluate participants’ Al design choices, we established
an expert reference set for each stakeholder scenario. We re-
cruited four Al experts spanning multiple subfields, includ-
ing multi-agent systems and game theory, ML for health and
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sustainability, Al for science, and human—Al interaction. All
had post-graduate Al development and research experience
and demonstrated involvement in designing, deploying, or
sustaining real-world Al-for-social-impact systems across
academic, industry, and nonprofit settings. Experts reviewed
each stakeholder scenario individually, without coordination
or knowledge of the intended best-fit design, selecting the Al
components they believed best fit the stakeholder’s needs,
constraints, and context. Experts did not author RE artifacts.

Experts showed strong convergence across the 20
scenario-by-component decisions (five component cate-
gories across four scenarios): 8 decisions were unanimous,
9 had a 3-of-4 majority, and only 3 lacked a clear majority.
Because multiple Al designs could reasonably fit a given
scenario, we used the union of expert selections as the ac-
ceptable reference set rather than requiring full consensus:
any component selected by at least one expert was treated as
acceptable for that scenario. Of the 104 options across the
20 decisions, 33 appeared in the reference set.

As described in Section 3.5, participants selected one op-
tion from each of five Al component categories to “build”
an Al system for each of the four scenarios. We com-
puted an expert-alignment score by counting the number of
participant-selected components that appeared in the expert
reference set for the corresponding scenario and summing
across all four scenarios. Higher scores indicate that a par-
ticipant’s design choices more closely matched expert judg-
ments of which components fit the stakeholder context. The
union-based reference set remains discriminative while ac-
commodating expert disagreement: a participant selecting
randomly from each category would score approximately
6.4 of 20, whereas participants averaged 11.96 (SD = 3.35).

We treat expert agreement as a proxy for stakeholder
alignment, not a direct measure of stakeholder satisfaction
or deployment fit. Expert judgments are limited to the con-
trolled translation task: experts reviewed the same scenarios
as participants and judged which component choices best fit
those scenarios. We therefore interpret the expert-alignment
score as convergence with experienced practitioners’ judg-
ments under matched conditions. Experts may share as-
sumptions with our HCD- and VSD-motivated rubrics, so
this measure should not be read as evidence that a design
would be endorsed by stakeholders in deployment.

4.2 Conventional Requirements Quality

We evaluated participant-authored requirements artifacts us-
ing conventional RE quality criteria to test whether procedu-
rally well-formed requirements were associated with expert-
aligned Al design.

User story quality. We evaluated user stories using crite-
ria adapted from the conventional RE rubric INVEST, which
stands for Independent, Negotiable, Valuable, Estimable,
Small, and Testable. We assessed three INVEST criteria: Ne-
gotiable, Valuable, and Testable (NVT). These criteria cap-
ture whether a user story expresses a flexible need rather
than a fixed solution, articulates clear value for the stake-
holder, and can be plausibly verified to pass or fail. The full
grading rubric appears in Table 4.



Indicator Score =1

Score =0

Verifiable Describes an outcome that could translate into one or Describes an outcome that is subjective, vague, or not
more clear tests. testable.
Atomic Describes a single condition and a single expected out- Contains multiple independent behaviors or bundled re-
come. quirements.
Implementation- Avoids specifying Ul elements, algorithms, technolo- References specific implementation details, such as Ul
Independent gies, or internal logic. layouts, database operations, or algorithms.
Table 3: RE acceptance criteria evaluation rubric.
Indicator  Score=1 Score =0 forward the stakeholder roles, goals, needs, constraints, and
NezofabIel Describ 1 PR 5 values that make a design problem meaningful in context.
egotiable  Lescribes a goal, prefer- LOCKS N 4  Speciic Motivated by HCD, VSD, and recent work integrating these
ence, or problem rather method, constraint, or . . . .
than a fixed solution. struchure. perspectives into RE (Margetis et al. 2021; Van Der Hoven
and Manders-Huits 2020), we developed additional rubrics
Valuable  Clearly describes how Has an unclear or to assess stakeholder-grounded reasoning. Rubrics were pre-
it helps the identified generic benefit. defined before any data analysis.
stakeholder. For user stories, we evaluated four dimensions: Stake-
Testable Could plausibly be Has an abstract or sub- holder Plausibility, Goal Plausibility, Human-Centered

tested to determine jective outcome that is
whether the goal was notrealistically testable.
achieved.

Table 4: Conventional RE user story evaluation rubric.

We did not assess Independent, Estimable, or Small be-
cause these criteria assume planning and implementation
contexts that were not present in our survey-based transla-
tion task, such as managing dependencies across require-
ments, estimating development effort, or decomposing work
for sprint-based implementation. Each evaluated criterion
was scored binarily using the predefined rubric, and each
user story received a total score ranging from O to 3.

Acceptance criteria quality. To evaluate acceptance cri-
teria, we applied a rubric grounded in widely cited RE
guidance rather than a single standard, as acceptance crite-
ria quality is context-dependent and often discussed across
practitioner and methodological literature rather than for-
malized into a unified framework (Schon, Thomaschewski,
and Escalona 2017). Each acceptance criterion was evalu-
ated in relation to its associated user story using three prop-
erties (Table 3): Verifiable, Atomic, and Implementation-
Independent. Verifiable assesses whether the criterion spec-
ifies an objectively testable outcome; Afomic whether it ex-
presses a single condition; and Implementation-Independent
whether it avoids prescribing specific technical solutions or
design choices. Similarly, each evaluated acceptance crite-
rion received a total score from O to 3.

4.3 Stakeholder-Grounded Reasoning

Standard RE rubrics assess whether requirements are proce-
durally well formed, but we observe that they may not cap-
ture whether requirements preserve the stakeholder context
needed for Al design. We define stakeholder-grounded rea-
soning as the extent to which a requirements artifact carries
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Framing, and Value-Oriented Framing. These dimensions
are important because a user story may be negotiable, valu-
able, and testable while still being misaligned with the
stakeholder context. Together, they capture whether partici-
pants identified appropriate stakeholders, articulated realis-
tic goals, foregrounded human needs or constraints, and ac-
knowledged relevant values or ethical considerations. Each
dimension was scored on a three-level scale (0.0, 0.5, 1.0),
with higher scores indicating stronger stakeholder-grounded
reasoning. The full user story rubric appears in Table 5.

For acceptance criteria, we evaluated two dimensions:
User Story Relevance and Scenario Scope Validity (Table 6).
These dimensions assess whether success conditions are log-
ically tied to both the associated user story and the broader
stakeholder scenario. They capture whether acceptance cri-
teria specify realistic, in-scope indicators of success rather
than vague or misaligned outcomes. Each dimension was
scored on the same three-level scale. We use a three-level
ordinal scale for stakeholder-grounded reasoning because
these dimensions admit meaningful partial credit. These di-
mensions can be present strongly, weakly, or not at all. In
contrast, the conventional RE dimensions in our study func-
tion as more direct procedural checks, such as whether a user
story is negotiable or whether an acceptance criterion is veri-
fiable. We therefore scored conventional RE quality binarily
and stakeholder-grounded reasoning ordinally.

4.4 Coding of Requirements Artifacts

We evaluated participant-authored requirements artifacts us-
ing a combination of manual coding and LLM-assisted
rubric-guided coding. Manual coding was used for con-
ventional user story quality, while LLM-assisted coding
was used for conventional acceptance criteria quality and
stakeholder-grounded reasoning.

Manual Coding We used human-only annotation to eval-
uate user stories with the traditional INVEST framework.
Two researchers jointly annotated an initial subset of user



Indicator Score = 1.0 Score = 0.5 Score = 0.0
Stakeholder Role is clearly a plausible sys- Role is adjacent, indirectly af- Role does not make sense for the
Plausibility tem user or directly affected fected, plausible but weakly jus- scenario or is too generic or un-
party. tified, or ambiguous. realistic.
Goal Plausibility Goal reflects a realistic responsi- Goal is reasonable for the role Goal does not match the respon-
bility or motivation for the role. but not central or clearly justi- sibilities or impacts implied for
fied. the role.
Human- Story centers a concrete human Human need or constraint is Story is system- or technology-
Centered Fram- need, limitation, or contextual vague, implied, or underspeci- centered with no human need.
ing risk. fied.
Value-Oriented  Story expresses a clear stake- Story expresses general im- Story omits stakeholder values
Framing holder value or ethical objective. provement goals without clear or ethical objectives.
value framing.
Table 5: Stakeholder-grounded user story evaluation rubric.
Indicator Score = 1.0 Score = 0.5 Score = 0.0

User Story Relevance Directly evaluates a success con-

Related to the user story, but

Not meaningfully linked or in-

dition required by the user story. loosely linked or partially troduces unrelated success con-
scoped. ditions.
Scenario Scope Valid- Plausible, in scope, and consis- Plausible but slightly out of Unrealistic, contradictory, or
ity tent with the scenario and stake- scope, underspecified, or weakly outside the scenario context or
holder role. grounded. role.

Table 6: Stakeholder-grounded acceptance criteria evaluation rubric.

Rubric item K n
Acceptance criteria quality
Verifiable 0.72 76
Atomic 0.72 78
Implementation-independent 0.39 77
Stakeholder-grounded reasoning
Stakeholder plausibility 0.74 89
Goal plausibility 0.71 86
Human-centered framing 0.71 81
Value-oriented framing 0.73 85

Table 7: Human-LLM agreement for LLM-coded rubric
items.

stories to calibrate their interpretations of the rubric be-
fore splitting the data and annotating individually. Inter-rater
reliability (IRR) was assessed on n 46 double-coded
user stories, yielding substantial agreement for Negotiable
(k = 0.78) and Testable (v = 0.79), and moderate agree-
ment for Valuable (v = 0.60).

Coding using LLMs To enable scalable evaluation across
these tasks, we additionally employ a large language model
(LLM) as an evaluator. We note that we are not using LLMs
to generate user stories (Pasquale et al. 2025), but instead to
help score them (validated by human checking).

Prior work shows that LLMs can perform rubric-based
annotation with substantial agreement to human annotators
when criteria are explicitly defined and outputs are con-

1302

strained (Chew et al. 2023; De Paoli 2024; Tai et al. 2024).
The evaluation tasks in this paper are well suited to this ap-
proach: our rubrics are narrowly scoped and designed to
measure defined properties of participant artifacts. Consis-
tent with best practices, we treat the LLM as a measurement
tool rather than an authoritative source of ground truth.

We follow a rubric-guided evaluation process adapted
from prior work (Chew et al. 2023). For each task, we de-
fined a task-specific rubric specifying explicit scoring crite-
ria and developed structured prompts instructing the model
to apply the rubric and assign scores for each dimension.
The model was prompted to generate brief justifications to
expose how it interpreted and applied each rubric dimension,
enabling inspection and refinement of the prompt.

Before annotating the full dataset, we validated the LLM’s
application of each rubric item on a subset of artifacts. Hu-
man annotators independently coded the same subset, and
we assessed agreement between the human-coded labels and
LLM-coded labels using unweighted Cohen’s x. We inter-
preted x values using established guidelines (Landis and
Koch 1977). After prompt refinement, agreement was mod-
erate to substantial across rubric items, suggesting that the
LLM applied the rubrics in a manner broadly consistent with
human judgment. After validation, the remaining artifacts
were evaluated using the LLM.

All evaluations used Gemini 2.5 Pro with temperature 0.0
and fixed prompt templates, with system instructions con-
straining the model’s role and enforcing strict rubric adher-
ence. Agreement with human annotators is not interpreted as



evidence that the LLM produces objectively “correct” judg-
ments. Rather, these analyses support the use of the LLM as
a consistent and scalable rubric evaluator.

Table 7 reports agreement for each LLM-coded rubric
item. Agreement was substantial for all stakeholder-
grounded user story dimensions and for two of the three
traditional acceptance criteria dimensions. Agreement for
Implementation-Independent was high in absolute terms,
with raw agreement greater than 95%, but Cohen’s x was
lower because of class imbalance: most participants did not
specify implementation details in their acceptance criteria.

4.5 Statistical Analysis

We used regression models to examine whether require-
ments quality and stakeholder-grounded reasoning were as-
sociated with the expert-alignment score described in Sec-
tion 4.1. This score was the primary dependent variable for
analyses of Al design performance. Models controlled for
self-reported theoretical Al knowledge and practical Al de-
velopment experience, current job, and current education.

All predictors were aggregated to the participant level be-
fore modeling. Conventional user story quality was mea-
sured as each participant’s average NVT score across user
stories from all stakeholder scenarios. Conventional accep-
tance criteria quality was measured analogously as each par-
ticipant’s average score across stakeholder scenarios.

Stakeholder-grounded reasoning was measured using four
participant-level summary indices: Stakeholder Plausibil-
ity, Goal Plausibility, Human-Centered Framing, and Value-
Oriented Framing. Requirements artifacts were scored on
a three-level ordinal scale (0.0, 0.5, 1.0) for each dimen-
sion. We then averaged each dimension across a partici-
pant’s requirements artifacts from all stakeholder scenar-
ios. Because these indices are averages over multiple ordi-
nal ratings rather than single artifact-level scores, we mod-
eled them as approximately continuous summary measures.
We interpret coefficients as associations with higher aver-
age stakeholder-grounded reasoning, not as precise interval-
scale effects of moving between individual rubric levels.

We fit Ordinary Least Squares (OLS) regressions with
HC3 robust standard errors. Each stakeholder-grounded rea-
soning index was tested in a separate regression model with
the same control variables. We therefore interpret these mod-
els as estimating associations between each stakeholder-
grounding dimension and expert-alignment score.

To examine whether training condition affected require-
ments artifact quality, we treated training condition as a cat-
egorical predictor and tested whether it was associated with
conventional requirements quality or stakeholder-grounded
reasoning outcomes. Models were fit using stat smodels
in Python. Throughout, we report Benjamini-Hochberg-
adjusted p-values (g-values) to correct for false discovery
across multiple comparisons (¢ < 0.05).

5 Results

We organize the results around the three research questions
introduced in Section 3.
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5.1 RQ1: Conventional Requirements Quality
Was Not Associated with Expert-Aligned Al
Design Choices

We first examine whether requirements quality, as mea-
sured by conventional RE rubrics, is associated with expert-
aligned Al design choices. We use expert alignment as a
proxy for stakeholder alignment in the design task. If con-
ventional RE quality captures the aspects of requirements ar-
tifacts that matter for stakeholder-to-design translation, then
higher scores on user story and acceptance criteria rubrics
should be associated with higher expert alignment scores.

We did not find this pattern. User stories evaluated using
the INVEST criteria of Negotiable, Valuable, and Testable
did not significantly predict expert-alignment (8 = 1.65,
95% CI [—1.10,4.40], partial R? = .03, ¢ > 0.95). Ac-
ceptance criteria quality, measured using Verifiable, Atomic,
and Implementation-Independent, was also not significantly
associated with expert-alignment (3 0.48, 95% CI
[—3.08,4.04], partial R% < .01, ¢ > 0.95).

Thus, procedurally well-formed requirements were not
necessarily associated with higher expert-alignment scores.
A user story can be negotiable, valuable, and testable while
still naming an implausible stakeholder, stating a generic
goal, or omitting relevant human constraints. Similarly, an
acceptance criterion can be verifiable and atomic while re-
maining irrelevant to the stakeholder scenario.

5.2 RQ2: Stakeholder-Grounded Reasoning Was
Associated with Expert-Aligned Al Design
Choices

We found significant positive associations for four dimen-
sions of stakeholder-grounded reasoning (Section 4.3):
Stakeholder  Plausibility, Goal Plausibility, Human-
Centered Framing, and Value-Oriented Framing. As shown
in Table 8, each dimension was associated with higher
expert-alignment scores after controlling for self-reported
Al knowledge, prior Al development experience, current
job, and current education. The coefficients represent the ex-
pected change in expert-alignment score for a full one-point
increase in the corresponding stakeholder-grounded rea-
soning index. Interpreted more practically, a 0.10 increase
in the stakeholder-grounded reasoning score corresponds
to approximately one additional expert-aligned component
choice. Overall, these results suggest that participants
whose requirements artifacts better preserved stakeholder
roles, contextual goals, human needs or constraints, and
relevant values tended to make Al design choices that more
closely matched expert judgments of scenario fit.

Predictor B 95% CI q Partial R
Stakeholder Plausibility 14.65 [7.97,21.32] < .001 .301
Goal Plausibility 9.72  [3.33,16.10] .009 171
Human-centered framing  13.10  [5.24, 20.96] .004 .199
Value-oriented framing 10.55 [4.08, 17.01] .004 192

Table 8: Stakeholder-grounded reasoning indices predicting
the expert-alignment score.



Score Example User Story

1.0

As a local emergency dispatch center worker, I want
to accurately prioritize incoming calls, so that we
can get services to those who need them most in a
timely manner.

As a worker, I want an automated system, so that
information can be processed fast enough.

As a company, I want to accord engineers necessary
tools so they can build the system without struggle.

0.5

0.0

Table 9: Ex. of user stories scored for Stakeholder Plausibil-
ity.

Score Example User Story

1.0 As an electrical worker, I want to check whether a
certain area has power, so that I can fix outages as
soon as possible.

0.5 As a policy maker, I want cost/benefit projections for
smart grid funding decisions.

0.0 As aresident, I want to have access to my media, so

that I can be able to post about the weather.

Table 10: Ex. of user stories scored for Goal Plausibility.

Stakeholder Plausibility User stories that identified a
plausible system user or directly affected stakeholder were
associated with higher performance on the Al component
selection task. The examples in this subsection are drawn
from the emergency response scenario. As shown in Table 9,
the 1.0-scored user story explicitly names a local emergency
dispatch center worker, the role responsible for prioritizing
calls, coordinating responders, and making time-critical de-
cisions. In contrast, the 0.0-scored example names “a com-
pany,” which is not relevant to the scenario as a system user.

Goal Plausibility User stories that articulated goals plau-
sibly aligned with the identified actor’s role were associated
with higher Al component selection performance. The ex-
amples in this subsection are drawn from the urban plan-
ning and sustainability scenario. From Table 10, the 1.0-
scored example aligns with an electrical field technician role
whose responsibilities include monitoring infrastructure and
rapidly repairing outages. In contrast, the 0.0-scored exam-
ple identifies a resident, which is reasonable, but assigns a
goal unrelated to the scenario’s design problem.

Human-Centered Framing User stories that stated a con-
crete human need, limitation, or risk relevant to the sce-
nario were associated with higher performance on the Al
component selection task. The examples in this subsection
are drawn from the social benefits and social care scenario.
As shown in Table 11, the 1.0-scored example foregrounds
the case worker’s need to triage applications efficiently, re-
flecting workload management and decision support in a
resource-constrained setting. In contrast, the 0.0-scored ex-
ample focuses on technical reuse and implementation with-
out referencing a human need or contextual risk.
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Score Example User Story

1.0 As a case worker, I want the system to categorize ap-
plications into “likely eligible,” “unclear,” or “likely
ineligible,” so that I can prioritize my review efforts
efficiently.

0.5 As a policy maker, I want to track processing times
before and after Al implementation, so that I can
measure efficiency gains.

0.0 As a system engineer, I want to extend the legacy
system without starting from scratch.

Table 11: Ex. of user stories scored for Human-Centered
Framing.

Score Example User Story

1.0 As a student, I want to anonymously share my strug-
gles outside of school, so that I can get help without
feeling embarrassed or judged.

0.5 As a counselor, I want better understanding of stu-
dent survey data, so that I can better understand what
kinds of problems the students are facing.

0.0 As a counselor, I want to analyze students’ feedback,

so that I figure out the biggest struggles for students.

Table 12: Ex. of user stories scored for Value-Oriented
Framing.

Value-Oriented Framing User stories that articulated a
relevant human value or ethical objective were associated
with higher Al component selection performance. The ex-
amples in this subsection are drawn from the education-
focused student risk detection and early intervention sce-
nario. As shown in Table 12, the 1.0-scored example fore-
grounds student vulnerability and reluctance to disclose sen-
sitive struggles, emphasizing values such as privacy, dignity,
and harm avoidance. In contrast, the 0.0-scored example fo-
cuses on gaining understanding, which is an analytical task
rather than a value or normative objective.

5.3 RQ3: Lightweight RE Training Was Not
Associated with Higher Requirements Quality

We did not find evidence that the brief training improved
either conventional requirements quality or stakeholder-
grounded reasoning. Training condition was not signifi-
cantly associated with conventional requirements quality for
user stories (¢ = 0.51) and acceptance criteria (¢ = 0.51),
or stakeholder-grounded reasoning scores for user stories
and acceptance criteria (all ¢ > 0.62). In other words, par-
ticipants who received more structured RE instruction did
not produce measurably stronger requirements artifacts than
those in the minimal training condition. This result should be
interpreted cautiously. The interventions were intentionally
lightweight, so the finding does not suggest that RE train-
ing is unimportant. Rather, it suggests that brief exposure to
RE concepts may be insufficient to improve how participants
preserve stakeholder context in requirements artifacts.



5.4 Additional Analysis

For acceptance criteria, User Story Relevance did not signifi-
cantly predict component selection performance (¢ = 0.09),
while Scenario Scope Validity did (¢ = 0.003). We also ex-
amined whether performance improved when high-quality
acceptance criteria, defined as the average of User Story Rel-
evance and Scenario Scope Validity, were prioritized as Must
have requirements. This association was positive but not sig-
nificant (¢ = 0.10). These results suggest that stakeholder-
grounded reasoning may matter when developers prioritize
success conditions, though this finding requires replication.

We also examined whether expert alignment could be ex-
plained by prior Al expertise. Neither self-reported theoret-
ical Al knowledge nor practical Al development experience
significantly predicted expert-alignment, and controlling for
these measures did not eliminate the observed stakeholder-
grounded reasoning associations.

6 Discussion

Our results indicate that stakeholder-to-design translation is
not an automatic outcome of stakeholder elicitation. Even
when the same stakeholder information is available, devel-
opers may preserve, omit, or simplify different aspects of
that context as they move from stakeholder needs to require-
ments and technical design choices.

These results should not be interpreted as evidence that
stakeholder-grounded requirements causally produce better
Al design choices. Participants who understood the scenar-
ios more deeply, or had stronger reading and writing skills,
may have both written more stakeholder-grounded require-
ments and selected Al components that better matched ex-
pert judgments. In this interpretation, requirements artifacts
are not necessarily the mechanism that improves design;
instead, they are observable traces of participant compre-
hension and reasoning. We therefore interpret stakeholder-
grounded requirements as evidence of how participants car-
ried stakeholder context forward during the task, not as proof
that the artifacts themselves caused stronger performance.

This distinction bounds the scope of our claims. Our study
shows that, during specification, requirements preserving
plausible stakeholders, contextual goals, human needs or
constraints, and relevant values were associated with Al de-
sign choices that more closely matched expert judgments of
scenario fit. Requirements artifacts can therefore help diag-
nose whether stakeholder context is maintained as develop-
ers move toward technical design. Finally, we do not claim to
identify the sole cause of real-world Al misalignment, which
prior work attributes to many factors across the development
pipeline. Rather, we identify translation as one specific site
where targeted intervention may be possible.

6.1 Implications for AI Development and
Training

RE is one technique for supporting stakeholder-to-design

translation. We do not claim that RE is the only way to

support specification, nor that RE artifacts should substitute

for participatory design, stakeholder governance, or domain-

specific evaluation. Rather, if teams use RE, it may be ben-
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eficial for their artifacts to be evaluated both for procedural
quality and for the preservation of stakeholder context.

More broadly, stakeholder-to-design translation could be
treated as a core design skill. Lightweight RE training was
not associated with higher requirements quality in our study,
and self-reported Al knowledge and prior Al development
experience did not significantly predict performance on the
Al component selection task. These null results should be
interpreted cautiously given our sample size and brief inter-
ventions. They do not show that RE training is unimportant
or that technical expertise does not matter for Al design. In-
stead, they indicate that brief exposure to standard RE for-
mats, even when adapted to an Al context, may be insuffi-
cient to help developers preserve stakeholder context as they
move from problem understanding to system design.

This interpretation is consistent with work in human-
centered Al requirements and responsible Al practice which
shows that socially appropriate Al systems require complex
reasoning about users, contexts of use, organizational con-
straints, and stakeholder values (Ahmad et al. 2023; Madaio
et al. 2022). Existing supports such as training materials, re-
view checklists, structured prompts, and tool-assisted feed-
back often emphasize procedural correctness, completeness,
or consistency (Lucassen et al. 2016; Buglione and Abran
2013; Wong, Madaio, and Merrill 2023). Our findings in-
dicate that these supports should also help developers prac-
tice identifying affected parties, distinguishing stakeholder
goals from technical objectives, recognizing contextual con-
straints, and tracing values across design decisions.

6.2 Limitations

Our study has several limitations. First, the study’s fictional
scenarios, simplified design tasks, sample of early-career de-
velopers, and selection of aligned designs by multiple ex-
perts may not fully capture the complexity of real-world
Al development or the expertise of seasoned practitioners.
Second, stakeholder reasoning was approximated via written
rubrics, meaning the results might reflect baseline scenario
understanding. Finally, because the study was administered
as a survey, the undetected use of generative Al tools may
influence results despite strict filtering.

These limitations reflect trade-offs in the study design.
The controlled task enabled comparison across participants
while preserving the core translation activity. We encour-
age mixed methods approaches and further study of practical
questions through real-world case studies in future work.

6.3 Conclusion

This study examined the translation step between stake-
holder elicitation and AI design. Using RE artifacts as
an inspectable record of this step, we found that conven-
tional requirements quality was not significantly associated
with expert-aligned Al design choices, while requirements
preserving plausible stakeholders, contextual goals, human
constraints, and relevant values were. These findings point to
stakeholder-grounded reasoning as a useful lens for evaluat-
ing whether early design artifacts carry stakeholder context
forward into technical design.
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