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Abstract. Elicitation activities such as workshops generate rich qualitative
data; however their reuse in Requirements Engineering (RE) remains limited
due to the lack of explicit structure and traceable interpretation. While
modeling approaches such as i* and the NFR Framework define modeling
constructs, they do not make explicit how model elements are derived from
elicitation data. In this paper, we present an industrial case based on workshop
transcripts and conduct an exploratory exercise of how RE engineers derive
goals, tasks, and quality concerns from the same textual input. From a limited
but representative sample, we identify recurring patterns in their interpretive
reasoning and derive an initial set of heuristics that make this reasoning
explicit. We further illustrate how these heuristics can be operationalized within
a Retrieval-Augmented Generation (RAG) pipeline, enabling semantic and
semi-automated processing grounded in RE engineers’ interpretations while
preserving traceability. Our results suggest that, in this exploratory setting,
making interpretative reasoning explicit supports the reuse of elicitation data
through requirements models.

Keywords: Elicitation Data, Requirements Modeling, Interpretative Reasoning,
Data Reuse, Qualitative Data, Semantic Analysis.

1 Introduction

Elicitation activities such as workshops and interviews are widely used in
Requirements Engineering (RE) to capture stakeholders’ perspectives. These
activities generate rich qualitative data, often in the form of transcripts or notes.
However, such data is often difficult to reuse in practice due to its lack of explicit
structure and the need for significant interpretation [1][2]. One key reason is that
transforming elicitation data into requirements models depends heavily on the RE
engineers’ interpretation, which is typically implicit and difficult to trace.

This challenge becomes particularly relevant in the context of FAIR principles [3],
where data reuse requires not only access to data but also transparency in how it is
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interpreted. In many cases, elicitation datasets contain sensitive information, making
controlled and traceable reuse even more important.

In practice, different RE engineers may construct different models from the same
data, deciding what constitutes a goal, a task, or a quality concern, and how these
elements relate. While modeling frameworks such as i* [4] and the NFR Framework
[5] define these concepts and relationships, they do not make explicit how RE
engineers should interpret discourse to produce modeling elements. This process is
often supported by heuristic reasoning [6] or linguistic cues [7][8], but these
approaches do not capture the diversity of RE engineers’ viewpoints.

Approaches such as the LEL [9] emphasize preserving domain language and links
to the original discourse. However, intentional modelling still require transforming
textual expressions into modeling constructs. Thus, traceability is needed across this
transformation, so that model elements remain grounded in their source evidence.
IRES [9] structure reasoning about requirements, but does not capture the diversity of
RE engineers’ interpretations observed in elicitation data.

Recent NLP4RE and LLM4RE work has explored embeddings, semantic similarity,
text generation, and modelling support for requirements-related text [10][11].
However, elicitation documents and RAG-driven approaches remain comparatively
underexplored in LLM4RE. Our focus is on making explicit the interpretive reasoning
that links workshop evidence to intentional modelling elements.

In this paper, we address this challenge through an industrial case involving
workshop transcripts collected in the context of a project on responsible Al in
journalism [12]. We used a short excerpt independently interpreted by multiple RE
engineers. By comparing these interpretations, we identify recurring reasoning
patterns used to transform textual evidence into requirements concepts.

Based on this task, we propose an initial set of heuristics that make interpretive
reasoning explicit. These heuristics capture how RE engineers move from textual
expressions, such as dissatisfaction, perceived limitations, or user experiences, to
modeling elements such as goals, tasks, and quality concerns. We further illustrate
how these heuristics can be used within a Retrieval-Augmented Generation (RAG)
pipeline to support traceable and semi-automated reuse of elicitation data.

The main contributions of this paper are: a) the identification of a gap in making
interpretive reasoning explicit in requirements modeling; b) a set of heuristics derived
from RE engineers’ interpretations of elicitation data; c) the operationalization of
these heuristics through structured examples; and d) and illustration of how their use
in a RAG-based pipeline for traceable and reusable analysis.

The remainder of the paper is structured as follows. Section 2 describes the
industrial case and dataset. Section 3 presents the proposed heuristics and illustrates
their use in a RAG-based pipeline. Section 5 discusses conclusion and lessons
learned.

2 Industrial Case

This work is grounded in an industrial case conducted in the context of the project
“Towards responsible Al in local journalism” [12]. As part of this project,
participatory co-creation workshops were organized with journalists to explore their
needs, challenges, and possible Al-based support. The sessions were audio-recorded



and transcribed, resulting in a corpus of qualitative data capturing stakeholders’
perspectives in their own words.

Due to the sensitive nature of the data, publication requires multi-level
anonymization. This limits the possibility of openly sharing the full corpus and
motivates controlled reuse mechanisms. For this reason, we consider a RAG-based
setting in which the data remains within a protected environment and only selected
evidence is retrieved for analysis.

The complete dataset comprises approximately 10 hours of workshop transcripts;
this paper focuses on a short translated excerpt selected for its rich expressions of user
experiences, perceived limitations, and expectations regarding Al-supported
journalism. The results presented in this paper is exploratory in nature and focuses on
a limited portion of the available material.

Beyond privacy constraints, an additional motivation for this work is the need to
support the reuse of elicitation data. In the the project, i* and the NFR models were
used to structure discussions and summarize results [13][14][15]. These models
provided initial evidence of how elicitation data can be abstracted into reusable
representation, a capability also explored in prior work on reusable goal models[16x].
However, the workshops also revealed a limitation: models alone do not capture how
RE engineers identified, selected, and justified abstraction from stakeholders’
discourse. This motivates our focus on traceable interpretative reasoning.

3 Solution and Results

To illustrate the interpretative task performed by requirement engineers when
transforming elicitation data into modeling elements, one of the authors selected an
excerpt from the workshop transcript. The excerpt was chosen because it contained
explicit expressions of needs, problems, user reactions, and limitations of current
practices. It was presented to senior RE engineers with experience in intentional
modelling for independent interpretation.

RE.eng.1 (see Table 1), initially provided a focused example of a possible
modeling insight derived from the excerpt. This example was intended to illustrate the
nature of the task rather than to produce an exhaustive analysis. The remaining
participants developed their own independent interpretations, with varying levels of
detail and abstraction. To provide a common starting point while preserving
interpretive freedom, participants were guided through four steps:

1. Identifying relevant statements in the discourse, focusing on expressions that
indicate problems, user reactions, or limitations of current practices;

2. Interpreting the meaning of these statements by identifying the concerns or
issues expressed by participants;

3. Mapping the identified elements to requirements concepts, such as actors,
goals, tasks, and quality concerns; and

4. Making explicit the interpretive rule used to transform textual expressions
into modeling elements.

These steps are grounded in the practical experience of one of the co-authors in
modeling elicitation data. They do not constitute a formal or validated method; rather,
they serve as a reference point to support and compare how different RE engineers



reasoned about the same textual input. The excerpt used in this exercise is presented
below:

“We realized that simply translating our articles is not enough. Many migrant
readers still feel that the stories are not written for them. The tone often feels distant,
and as a result they do not engage with the content.”

3.1. RE Engineers’ Interpretations

The excerpt introduced in the previous subsection was independently evaluated by
four RE engineers. Table 1 summarizes these interpretations, highlighting the
progression from textual evidence to modeling elements across four levels: relevant
statements, interpretation, requirements concepts, and applied heuristics.

The comparison reveals several differences. First, RE engineers focused on
different aspects of the text: some empathize expressions of dissatisfaction to identify
inefficient operationalizations, while others identify contextual elements, such as
actors and objectives. Second, the level of abstraction vary, ranging from task-level
elements to softgoals. Third, the reasoning strategy differs, with some interpretations
relying on linguistic cues and others on more conceptual approaches. Fourth, most RE
engineers explicitly stated the rule used to derive the model elements. When this rule
is absent, the reasoning remains tacit.

Table 1. Comparison of RE engineers’ interpretations

Step v REEng1 v REEng.2 v REEng3 v REEng4 v
Migrant readers don't engage
“translating is not with content; Migrant readers do not engage
Relevant enough” — ineffective Writers realized that with the content;
statements operationalization translation is not enough; Writers realized that
Translations ignore cultural translation is not enough.
aspects
Translation process does not
Ineffective Audtence not reached: IR CHE BET
Interpretation ogira?oneluanon " ;ga:eril‘:gel red Migrant readers do not engage
affecting engagemen istant/disconnecte CEE T CITOne (D 6o
tone.
Actors: editorial, translator,
sociologists, readers;
: The translation should be as
good as possible ; éc(grs: erters/re:del’i;
: cultural context, B . 0al: increase readership;
Requirenents Task: ineffective engagenent, readability, m?én;;;:;;;;'“““' Task: adapt tone; consider
concepts operationalization; inclusiveness; Sioal : change tone; migrant profiles;
Softgoal: engagement Tasks: translate, improve Tasks: ch ; X Softgoals: engagement,
translation, text adaptation, text | Softgoal: sense of belonging readability, awareness,
use, news production, read news, enjoyability
comment news, improve adaptation;
Resources: text, translated text,
adapted text, comment
dissatisfaction with Decompose into Subjects/nouns — actors;
Heuristics operationalization — subject/problem/cause/solution | verbs — tasks;
unmet goal — map to RE concepts adjective/adverbs — softgoals
3.2. From Interpretations to Heuristics

The comparison presented in the previous section showed that different requirements
engineers derived distinct modeling abstractions from the same textual evidence.
While interpretations vary, they exhibit recurring and comparable reasoning patterns.
The heuristics were consolidated by comparing recurring mappings across
interpretations, rather than by measuring agreement quantitatively.

Table 2 presents the heuristic catalogue derived from the comparison. Each row
describes one heuristic, its type of reasoning, the textual trigger that may activate it,
the transformation logic used to move from text to modelling abstraction, the
corresponding RE mapping, and its relation to IRES concepts. The IRES column is
used as a conceptual anchor for the heuristic; the arrows indicate conceptual links or
progressions between elements, rather than strictly temporal or causal sequences.



Table 2. Heuristic catalogue derived from the comparison

Heuristic Name ~  Type of heuristic Trigger in text ~ Transformation Logic ~ RE Mapping ~ IRES ~
Mentions of groups )
Actor Basic/Linguistic | (users roador? Identify explicitly Actor Action - performs -
Identification Stakeholders) mentioned actors Actor
) dissatisfaction suggests ‘ oty
g“"‘l z"f‘f”az?e from | rnterpretive ““‘b‘l’"““gh' fail, an unmet goal or deficient | Goal/unmet goal "f’“:“l‘“ plrcLlaton
issatisfaction problem Sracties 0a
Softgoal from User . feels, experience, subjective perceptions Action —
Experience Interpretive distant, engage suggest quality concerns | S°ftg0al affects/achieve — Goal
infer an action that Colh = GRS <
Task from Problem cause of issue, action t Action; Necessity
Structural addresses the identified | Task
Cause needed e (problem) — performs —
Action
Verb-based Task - map explicit actions to
Taenifiention Basic/Linguistic | action verbs o fidnte taske Task Action
R — generalize from concrete
Concept Abstraction | Interpretive P e expression to abstract Softgoal State of Affairs
P quality concern
Narrative problem cause—effect split discourse into Multiple (actor,
Decomposi tion Structural pattern actor, issue, and response | goal, task) Full IRES
Action — Evolves —
Inplicit Domain . gaps between problem infer missing contextual | Goal/Softgoal/Ta | State of Affairs; State
Inference P and explanation elements sk of Affairs —shapes -
Neccesity

Table 3 provides an operational view of the heuristics by showing how concrete
textual triggers can be transformed into candidate RE elements. The table preserves
the correspondence with the heuristic catalogue in Table 2, but focuses on their
practical application over the analyzed excerpt. Some mappings are close to the
textual evidence, while others require additional interpretation, such as inferring a
task from a perceived problem or from domain knowledge. The arrows indicate
interpretive transformations rather than deterministic rules.

Table 3. Operational view of the heuristics

Trigger example ~ Heuristic applied ~ Candidate Inference ~ RE element

"many migrant readers” stakeholder mention — actor migrant readers Actor

“translation is not enough” dlssat:‘LsfacFlon‘wuh improve translation Goal
operationalization — unmet goal

"the tone feels distant” user perception -+ quality belonging Softgoal
concern

they df not engage with the user perception — quality engagement Softgoal

content concern

“translating our articles” Verb-based Task Identification translating articles Task

"the tone feels distant” prcblemlcause -' task (inferred adapt tone Task
corrective action)

"[translating our articles is not

enough]. [Many migrant readers .

still feel that the stories are '();::ﬁmo;léi‘f:Q;I;UIUtm" adapt tone Task

not written for them]. [The tone 9 9

often feels distant]”

Stu[%af are LG LI 0 adapt content to migrant

them"; "Migrant readers do not I - .

L mplicit Domain Inference readers Task/Goal
engage with the content due to the .
N /lack of user profiling

Rather than imposing a single correct interpretation, this heuristic catalogue and it
operational view organize plausible reasoning observed across experts. This improves
the traceability of the analytical process and provides an initial basis for reusing these
heuristics in RAG-assisted contexts.

3.3. Applying the Heuristics in a RAG-based Pipeline

Fig. 1 structures the proposal as three SADT activities. First, RE engineers transform
selected transcript excerpts into structured expert examples, linking evidence,
heuristic, RE mapping, and inferred element. Second, the retrieval layer uses these
examples as semantic seeds to retrieve related transcript chunks. Third, the
heuristic-guided component combines retrieved evidence, stored heuristics,
thresholds, and RE concepts to generate candidate RE elements with traceability
links.
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Fig. 1. SADT representation of a heuristic-guided pipeline supporting elicitation data reuse
through traceable RE abstractions generation

Structured Expert Examples Heuristic-guided semantic retrieval Heuristic-guided LLM Inference
[ 1 [
{ “seed_example™ {
“example_id": "E01", “example_id™ "E0T", “candidate:id™ "CED1",
“textual_evidenoe" “translating our articles “textual_evidence™ "translation is not enough’, “source_example_id” "E01",
is not enough’, *applied_heuristic”. ‘dissatisfaction. unmet goal’, *evidence_span’: ‘translation is not enough’,
“applied_heuristic™: "dissatisfaction with “re_mapping”. ‘geal”, “applied_heuristic”: ‘dissatisfaction with_.unmet geal”,
operationalization implies unmet goal’, “inferred_element": ‘improve translation” “re_mapping”: ‘goal”,
‘re_mapping”: ‘goal’, i “inferred_slement’. ‘improve translation’,
"inferred_element”. “improve translation” ‘retrieval_target™: "automatically generated transcript chunks”, "status”, ‘corpus-grounded inference”
b —» “retrieval_maode”: "heuristic-guided semantic retneval’, —_ L
{ “results™ |
“example_id": "E02", { “candidate_id" "CED2",
“textual_evidence’: "the tone often feels “chunk_id" "SYN_CO34", “source_chunk_id" "SYN_C034",
distant”, ‘chunk_text" dding translated summaries improves access, *evidence_span’: "not enough to make the
“applied_heuristic™ “user perception implies but it is not enough to make the content relevant to the community”, content relevant,’
quality concerm’, “evidence_span’: 'not encugh to make the content relevant’, “applied_heuristic”: ‘dissatisfaction with_unmet goal®,
‘re_mapping”: “softgoal’, “similarity” 0.86, “re_mapping”: "sofigoal’,
"inferred_element”. "kelenging” ‘matched_pattern’”: "operationalization is insufficient” “inferred_element”: "increase content relevance”
¥ L “Status”: Tim-generated candidate”
] }

Fig. 2. Example of outputs of each stage: a structured expert example, retrieved transcript
chunks, and the heuristic-guided LLM inference for candidate RE elements.

To illustrate this process, Fig. 2 shows the outputs of each activity in the SADT
model. A structured expert example is not limited to textual evidence; it also includes
the applied heuristic, the RE mapping, and the inferred element. This structured
example is converted into a textual representation and used as a semantic seed to
retrieve transcript chunks that express similar reasoning patterns, rather than merely
similar wording. Finally, the retrieved chunks are processed by a local LLM to
generate candidate RE elements subject to expert review, preserving links to the
source example and chunk.

Since this is an initial architecture, retrieval quality, chunking strategy, confidence
thresholds, and validation of retrieved evidence remain open issues for future
implementation and evaluation.



4 Conclusion

This paper explored how recent Al technologies can support the structuring and
systematic reuse of qualitative elicitation corpora. In particular, semantic retrieval
combined with local generative Al deployment may enable the modeling processing
of sensitive transcript data while respecting GDPR constraints and supporting
FAIR-oriented reuse.

The industrial case showed that requirements modelling from elicitation data is
inherently interpretive. Different RE engineers derived distinct yet valuable
abstractions from the same textual evidence, confirming the need to preserve not only
the resulting model elements, but also the reasoning that led to them.

Based on this observation, we proposed an initial SADT architecture in which
expert-derived heuristics are represented as structured examples and used to guide
semantic retrieval and candidate RE generation. This can help preserve expert
reasoning, scale scarce modelling expertise, and make intentional modelling more
feasible in industrial contexts..

However, the proposed architecture remains exploratory. Future work should
provide synthetic examples and traceability schemas to support inspection and reuse.
The approach does not remove analyst judgement: incorrect retrievals, biased
heuristics, and overgeneralized LLM inferences remain risks requiring human
validation.
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