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Abstract. The Softgoal Interdependency Graph (SIG) models non-functional 
requirements (NFRs) by representing softgoals and their interrelationships. 
However, building a SIG is challenging as it requires a deep understanding of 
qualitative concepts that vary across domains. The Transparency SIG (TSIG), 
which integrates over 30 related qualities, exemplifies this complexity. This 
study explores whether Large Language Models (LLMs), specifically ChatGPT-
3.5 and ChatGPT-4o, can augment the knowledge of the TSIG. Through 
interactive dialogues, we analyzed the models’ ability to suggest relevant content 
and structure. Our findings show that, using the TSIG as the Gold Standard, the 
ChatGPT-generated models demonstrated the ability to approximate the expert 
knowledge represented in the TSIG, as evidenced by three authors achieving over 
84% recall. Furthermore, since precision varied significantly—from 29.4% to 
100%—this highlights differences in the amount of false positives. These 
elements require further qualitative evaluation to determine which of them may 
actually contribute to augmenting the knowledge on transparency, as modeled by 
the TSIG. 

Keywords: Large Language Models (LLMs), Non-Functional Requirements 
(NFR), Softgoals Interdependency Graph (SIG), Transparency, ChatGPT. 

1	 Introduction	
In requirements engineering, defining quality requirements such as security, usability, and 
transparency is crucial, yet it remains a persistent challenge. These requirements are typically 
represented as softgoals in the Softgoal Interdependency Graph (SIGs), and they are inherently 
qualitative, abstract, and interconnected with other quality requirements. This complexity makes 
their elicitation, representation, and validation particularly difficult.  

The elicitation of such requirements often relies on expert knowledge, domain-specific 
guidelines, and insights from the literature. As software systems grow more complex and 
interdisciplinary, there is an increasing need to analyse new softgoals and relationships, or 
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uncover previously unrecognized links among existing ones. Consequently, it becomes essential, 
though challenging, to assess and refine pre-defined SIGs, with the potential to evolve them as 
new knowledge emerges. 

In particular, the TSIG [2] results from an extensive study involving domain experts. It is 
defined through 33 interrelated softgoals, forming a cohesive and intricate network. The TSIG 
has been widely applied in academia and instantiated for various domains [5]-[13]. One key task 
for requirements engineers using the TSIG is to evaluate whether it adequately meets the needs 
and expectations of the specific context in which it is applied. However, the complex nature of 
transparency, intersecting with different qualities across multiple domains, presents the challenge 
of finding experts with comprehensive knowledge or reconciling divergent perspectives. As such, 
assessing the capability of LLMs (in this case, GPT) is of interest to understand their role in 
evolving previous results made by humans.  

Our study investigates the potential of LLMs to augment knowledge about software 
transparency [2], as modeled through SIGs. This investigation was conducted through interactive 
dialogues with the ChatGPT interface, using both ChatGPT-3.5 (in 2024) and ChatGPT-4o (in 
2025) [34]. According to its self-description, "I've been trained on a diverse dataset comprised of 
various text sources, including books, articles, websites, and other texts, to develop a broad 
understanding of human language and knowledge." This extensive training enables GPT to 
synthesize insights across domains, making it a promising tool for exploring and potentially 
evolving previously encoded knowledge, such as that captured in the TSIG. 

The results show that the GPT-generated models can approximate the TSIG, while also 
revealing limitations identified through qualitative evaluation. Furthermore, the findings suggest 
opportunities to enrich the TSIG with new softgoals in future studies 

This paper is structured as follows. Section 2 summarizes the background and presents related 
work. Section 3 describes the methodology applied. Section 4 presents the qualitative and 
quantitative results of our assessment. Section 5 discusses the outcomes of the dialogue 
conducted with ChatGPT and reflects on the insights gained from using GPT, understood as a 
broader class of LLMs. Finally, we conclude with a summary and discuss potential future 
avenues of research.	

2			Background	and	Related	Works	
In requirements engineering (RE), qualitative concepts are defined as softgoals [4], which may 
be represented with SIG models of the NFR Framework [4]. The SIG helps requirement engineers 
model qualitative concepts and enrich knowledge by mapping softgoals that may interact or 
interfere with one another. 

Softgoals are not only conceptually "soft," but their relationships are also challenging to 
represent. Consequently, the predominant relationship semantics in SIGs is help/hurt, which 
captures the qualitative nature of contributions. Some relationships are modeled as make/break 
to reflect stronger causal links between softgoals. However, the nature of these links may depend 
on perspective or operationalization. 

Transparency is one such complex and abstract concept. It is usually defined in terms of 
other qualities. For example, ethical transparency is often described as clear and honest 
communication, linking it to principles such as integrity and trustworthiness [1]. Others 
define it in terms of openness and accessibility of decision-making processes, correlating 
transparency to the principles of accountability and fairness [2]. As such, transparency is 



	

 
 

 

a quality often adapted to different domains and stakeholder interests, such as governance 
and public participation [3]. 

Thus, transparency is not a self-contained concept. It derives meaning through its 
relation to other qualities. The TSIG [2] (Fig. 1) reflects this interdependence, modeling 
transparency as a composition of 33 interconnected qualities [2]. The TSIG has been widely 
applied in academia and instantiated in multiple domains [5]-[13], requiring consideration 
of the contextual nuances of each domain. 

 

 
Fig. 1. Transparency Catalog [2]. 

To the best of our knowledge, few works specifically address the challenge of evolving SIGs 
[14]. Cysneiros et al. [15] proposed a frame-based representation with closeness criteria to query 
and identify similar softgoal interdependencies. Yamamoto [16] explored weighted softgoals to 
handle trade-offs by assessing their relative importance. To improve the clarity of interdependent 
relationships, Cleland-Huang et al. [17] introduced a goal-centric traceability method using 
probabilistic networks to link functional changes to SIG elements, improving impact analysis. 
Supakkul & Chung [18] extended the Problem Frames approach to incorporate stakeholder 
concerns using "soft-problems," refining and tracing them within a Problem Interdependency 
Graph. 

With the advent of LLMs, new avenues have emerged in RE research. Several studies have 
explored ChatGPT’s potential in eliciting requirements. Ronanki et al. [19] report that while 
ChatGPT outperforms experts regarding transparency and explainability, it still exhibits 
superficial knowledge. Zhang et al. [20] find that ChatGPT outperforms traditional information 
retrieval (IR) systems, as expected, given its strong semantic capabilities. In addition, Khojah et 
al. [21] conducted an observational study showing how engineers interact with ChatGPT, 
distinguishing between "prompts" and "queries" and offering insights from data ratings and exit 
surveys. 

Building on these lines of research, Chen et al. [22] examined GPT-4’s capabilities in 
modeling with the Goal-oriented Requirement Language (GRL). Their study addressed three 
research questions: how much goal modeling knowledge GPT-4 retains, how it performs in 
generating models from textual descriptions of varying levels of detail, and how interactive 
feedback influences the quality of generated models. Their evaluation was based on metrics such 
as 0–5 grading scales, averages, and comparisons with a "ground truth” model. Their findings 
suggest that GPT-4 exhibits considerable modeling knowledge, benefits from clear prompts, and 



	

 

 

can improve with feedback. However, it also produces sometimes inaccurate or too generic 
responses, and its performance varies across executions. 

Our own study addresses Chen et al. [22] concerns, but has a focus on the TSIG, and uses a 
mixed-methods approach. One of us applied precision and recall measures to compare four GPT-
generated SIGs against a gold-standard reference model, reflecting a similar quantitative 
perspective to that of Chen et al.  In addition, we carried out a qualitative analysis based on 
interviews with domain experts. This allowed us to identify recurring issues, such as model 
inconsistency, misclassification of qualities vs. operationalizations, and conceptual blending. 
While our results confirm several of Chen et al.'s observations, our inclusion of expert-driven 
viewpoint resolution [23] added deeper contextual insights into how LLMs behave when 
modeling complex and interrelated requirements. 

3	 Method	

The procedure adopted involved four participants (co-authors) interacting with the LLM through 
questions intended to assess the LLM knowledge concerning transparency, taking the TSIG as 
an anchor. This approach resembles interviews, with the LLM acting as an automated 
'respondent', providing answers based on the data and relationships of GPT language models and 
the input provided by the interviewer. 

Each participant was allowed to ask approximately 15 questions in their session and was 
invited to request a TSIG suggestion at the end of their interaction. The participants worked 
independently, and after completing their sessions, they shared the files containing their 
conversations with ChatGPT, along with the SIGs automatically generated from their 
conversations, also using ChatGPT. Subsequently, they answered a questionnaire about their 
experience, and the results were discussed and compared (the dialogues are open access in 
Zenodo [34]). 

The study was conducted over two years, allowing us to compare both the ChatGPT-3.5 and 
ChatGPT-4o models and assess their evolution in handling the TSIG. The TSIG is available in 
both English [2] and Portuguese [25][35], so interactions using the ChatGPT-3.5 model were 
conducted in both languages to explore any potential language-related differences.  

This section outlines the participants' profile and evaluation criteria.  

3.1	 Participants	profile	
The four co-authors who served as participants were all experienced requirements engineering 
researchers, with P1 and P2 being senior researchers with over 15 years of experience, and P3 
and P4 being mid-level researchers with over 10 years of experience. While all participants were 
familiar with the NFR framework, their familiarity with ChatGPT, SIGs, and Transparency 
varied, as reflected in their self-reported ratings. Participants were asked to interact with 
ChatGPT using approximately 15 prompts aimed at evaluating the LLM’s knowledge regarding 
transparency. At the end of the session, they were requested to generate a complete SIG based 
on the accumulated insights. Each participant answered a survey with close-ended questions 
about their expertise and experience, and an open-ended question regarding their general 
evaluation of the interaction with GPT (Section 3.2). The responses were anonymized and 
reviewed only after all participants had completed the survey. 

For clarity, we refer to the participants as P1, P2, P3, and P4. In 2024 and 2025, participants 
were asked to rate their experience with ChatGPT on a scale from 1 to 5. While their expertise 



	

 
 

 

in SIGs and Transparency remained unchanged across both years, their experience with ChatGPT 
showed slight variations. In 2024, P1 and P3 rated their experience with ChatGPT at level 4, 
while P2 and P4 rated it at level 3. In 2025, P2 reported an increased familiarity, rating their 
experience at level 4, while the other participants maintained their previous ratings. In both years, 
P2 and P3 indicated level 5 expertise in SIGs and Transparency, whereas P1 and P4 rated 
themselves at level 4 for SIGs and level 3 for Transparency.  

3.2	 Assessment	Criteria	
The results were assessed in three ways: (1) identifying participants' impressions and lessons 
learned, (2) focusing on identifying the characteristics of the questions posed by participants, and 
(3) analyzing the improvement suggestions for the TSIG provided by GPT.  

For the first analysis, a survey was used to collect participants' impressions after interacting 
with ChatGPT. It included five closed-ended questions (using a Likert scale) and one open-ended 
question. The close-ended questions focused on the helpfulness of ChatGPT's responses, the 
model’s ability to understand participants’ questions, the level of trust participants had in its 
answers, the overall helpfulness of the interaction, and the potential for using ChatGPT in future 
research. The open-ended question asked participants to summarize their experience, 
emphasizing consistency and key learnings. 

The second analysis focused on identifying the types of prompts used and the main subject 
of the questions. Zero-shot prompting [26] was employed to pose direct questions without prior 
examples, assessing the model's ability to respond about transparency without additional context. 
Additionally, few-shot prompting [26] was applied by providing examples and contextual 
information 

The questions targeted 3 levels of detail in the TSIG, as summarized in Table 1: 
Level 1 – Transparency-Related Qualities (softgoals) in TSIG: participants ask general 
questions about the concept of transparency and its core attributes. 
Level 2 – Relationships among Qualities (NFRs): Participants were asked about the 
interdependencies between transparency-related softgoals in the TSIG. 
Level 3 – TSIG Evolution: Participants asked ChatGPT about additional qualities or 
relationships not yet represented in the TSIG. 
Note that participants were not previously instructed on the three levels of detail of the 

questions. However, the authors, who also served as participants, have extensive experience in 
SIGs and were already knowledgeable about these levels. The categorization of questions into 
levels was coded post-hoc during the analysis phase to classify the types of prompts posed.	

In the third analysis, we compared the results of the dialogues conducted by the participants 
in both years. The questions were the same in both years. Additionally, participants asked 
ChatGPT to generate a SIG based on the information they had collected. We then evaluated how 
closely each generated SIGs aligned with the Gold Standard (TSIG) using recall and precision 
metrics. The questionnaire was designed using the work of Ronaki et al. [21] as an anchor.  

Table 1. Question Strategy and Level of Questions used by each Participant. 

 P1 P2 P3 P4 
Prompting strategy few-shot zero-shot few-shot few-shot 

Level of detail 1,2,3 2,3 1,3 1,2,3 



	

 

 

It is important to note that prompting strategies were not deliberately balanced across 
participants. Instead, the study aimed to capture the participants’ natural interaction styles with 
the LLM, allowing us to observe organic differences between few-shot and zero-shot approaches 
without introducing artificial symmetry. 

4 Results 
The results are derived from: (1) the classification of questions asked during participants' 
interactions with ChatGPT, (2) a summary of their impressions, lessons learned, and feedback 
gathered from the survey, (3) the SIGs generated from each participant's interactions in 2024 and 
2025 years, and the evaluation of recall and precision against the Gold Standard. 

4.1	Analysis	of	Participants’	Questions	(Prompts)	
Based on the analysis of these interviews, we organized the responses according to the three 
levels of questions defined in our strategy. This approach allowed us to develop a coherent 
structure and perform a precise analysis of the areas of interest expressed by the participants. 

As shown in Fig. 2, we categorized the 58 questions into distinct groups. The group focused 
on TSIG completeness (direct assessment of GPT knowledge concerning the possibility for the 
evolution of the gold standard) as the most frequently addressed by participants, with 28 
questions, highlighting a strong interest in exploring missing attributes within the current SIG. 
The second most common category involved identifying additional qualities related to 
transparency in the TSIG, with 20 questions. Lastly, only 14 questions explored the 
interdependencies or relationships among qualities in the TSIG, suggesting that participants paid 
less attention to established relationships. 

Fig. 2. Distribution of Questions by Category in the Dialogues. 

4.2.	Results	from	Questionnaire	
Table 2 presents the participants' (co-authors) answers for the quantitative (closed-ended) 
questions of the survey. The responses remained relatively consistent across both years (Table 
2). The average scores per question in 2024 were 3.75, 3.75, 2.75, 4, and 4.5, while in 2025, they 
showed a slight increase in the first four questions, reaching 4, 4, 3.25, and 4.25, and a minor 



	

 
 

 

decrease in the last one, dropping to 4.25. This modest improvement suggests that the experience 
with GPT-4o did not differ significantly from that with GPT-3.5 for the participants. 

It is also observed that P2 and P4 tended to be more critical in their evaluations, whereas 
P1 and P3 showed a more positive perception. Trust in ChatGPT’s responses remained the 
weakest dimension, even when using the newer model. 

Table 2. Quantitative Questions and Responses. 

Question 
2024 2025 

P1 P2 P3 P4 P1 P2 P3 P4 
Did ChatGPT provide helpful responses to your 
questions? 4 3 4 4 5 3 5 3 

How did you perceive the ChatGPT level of 
understandability for your questioning? 

3 4 4 4 5 4 4 3 

What level of Trust would you assign to 
ChatGPT based on its answers to questions? 3 2 3 3 3 3 4 3 

How helpful was the interaction with ChatGPT? 4 3 5 4 5 4 5 3 

After using ChatGPT for this research, what 
potential do you see in using it for further 
research? 

5 5 4 4 5 5 5 2 

 
Regarding the open-ended questions in the survey, all participants identified inconsistencies 

in ChatGPT´s responses throughout their conversations [34]. This includes superficial or overly 
general answers and instances where the model conveyed a different context than the one 
intended, for example, interpreting accessibility and usability solely from the user perspective 
without considering their role in the broader concept of transparency. Additionally, responses 
tended to follow a standard medium length, regardless of the complexity of the question, often 
resulting in shallow and generic responses.  

Participants also noted that ChatGPT frequently aligned itself with the framing of the 
question, displaying a complacent attitude that lacked critical reflection. As a result, providing 
too much context tended to bias the responses. Several issues were identified concerning the 
meaning of some softgoals, confusion between levels of granularity (e.g., mixing 
operationalizations with softgoals), and inaccuracies in differentiating contributions and 
correlations.  

Many of the qualities suggested by GPT were already present in the TSIG, which gives the 
impression that they are validated by it; however, the dialogues show that some of these qualities 
were approached from a different perspective than the one used in the construction of the TSIG, 
a process in which at least two of this paper’s authors of were involved. All participants reported 
that analyzing the responses provided by ChatGPT required considerable time and attention. 
Although the answers initially seemed useful, some of them were found to be inaccurate upon 
closer examination. To address these inconsistencies, participants cross-checked the LLM’s 
suggestions against their expert knowledge and engaged in collaborative discussions after 
completing their individual sessions. 

At the same time, the participants noted that the fact that all answers were justified made it 
easier to assess which parts could be taken into consideration. Despite inaccuracies and 
inconsistencies, some participants felt that ChatGPT provided, in some cases, useful responses 
regarding transparency, softgoals, and correlations. The answers were clear and explanatory, 



	

 

 

which can be especially helpful for those unfamiliar with the concept of transparency. 
Additionally, participants highlighted benefits such as low cost, the ability to accelerate 
exploratory phases, and the potential to make complex knowledge more accessible. 

	

4.3.	Results	from	GPT	Suggestions	
Table 3 presents the SIGs created in 2025 using the GPT-4o model. The following legend 
compares them against the Gold Standard: (+: new; *: new position; #: merged; @: redefined). 
Notably, participant P3 produced the SIG with the highest number of qualities, even in the 2024 
study. Due to the reduced space in the article, we have made the comparative table for the year 
2024 only available on Zenodo [34]. 

To assess how closely the SIGs generated with ChatGPT align with the Gold Standard 
(TSIG), we conducted a quantitative evaluation using recall, precision, and F1-score metrics. 
Table 4 presents the results for all participants across both years (2024 and 2025), comparing the 
content of each SIG by softgoal category. For each participant (P1–P4), we show values for true 
positives (TP), false positives (FP), false negatives (FN), and the derived percentages of precision, 
recall, and F1-score. 

The results show apparent differences in the coverage and precision of the SIGs generated 
across participants and models (Table 3). 

P4 (2025) achieved the best overall performance, with an F1-score of 98.5%, closely 
matching the Gold Standard across all categories. In addition, it reached perfect precision (100%) 
for each softgoal, with only one false negative. Paradoxically, this high performance may indicate 
that the dialogue with ChatGPT yielded fewer novel elements to contribute to the evolution of 
the TSIG. 

P3 (both years) generated the most extensive SIGs in terms of quantity (81 and 54 softgoals, 
respectively) but with low precision (35% and 52%, respectively) due to a high number of false 
positives. Nevertheless, recall remained high (87% - 84% respectively), indicating that the model 
could retrieve most of the relevant softgoals from the TSIG. The low precision reflects the 
inclusion of many potentially irrelevant softgoals; however, this broader output may contain 
valuable suggestions for augmenting the TSIG with novel qualities. Although P3 did not provide 
explicit structural examples, the prompting included thematic guidance, placing it near a zero-
shot strategy, but ultimately closer to light few-shot prompting. This hybrid approach may have 
contributed to generating more diverse content, albeit with less alignment to the TSIG structure. 

P1 maintained a balanced performance in both years, with F1-scores above 79% in 2025 and 
81% in 2024, showing consistent understanding and prompting strategy over time. As with other 
participants, a relatively low precision score may indicate a broad set of potential contributions 
to the evolution of the TSIG. 

P2 showed the lowest scores, particularly in 2025, with an overall F1-score of only 20%, 
likely due to a high number of omissions (FN = 28). The 2024 performance was slightly better, 
with an F1-score of 25%, although it was still below the average. This could be attributed to the 
participant’s approach (zero-shot prompting), as P2 was the only one to adopt this strategy. By 
avoiding example-based guidance, this method may have reduced the model’s bias toward 
reproducing the existing TSIG structure, which was more evident in the outputs of other 
participants. It is important to note that some softgoals may appear similar during the quantitative 
assessment but represent distinct concepts. For example, timeliness is not equivalent to current; 
compositivity may overlap with composability; performance and performability refer to different 
system properties; and decomposability should not be confused with divisiveness. 



	

 
 

 

Table 3. Contrast among TSIG and participants’ results (legend: + new; * new position; # merge; 
@ redefined) 2025 

 
 



	

 

 

Table 4. Quantitative Assessment of SIGs Retrieved Using Precision, Recall, and F1-Score 
Values 

 
The results presented in this section highlight the value of combining both types of 

assessment. Quantitative metrics allow us to evaluate the degree of alignment against a defined 
reference, such as our Gold Standard. In many contexts, such comparison is not feasible, as there 
is no baseline model to contrast with what is obtained from ChatGPT. In contrast, qualitative 
analysis reveals the exploratory and creative potential of each interaction, uncovering valuable 
contributions that could enrich and expand the TSIG. 

5.	Discussion		

Two of the authors conducted a critical review of the new elements proposed by ChatGPT in 
each softgoal category (Table 3). The aim was not to validate a new version of the TSIG but to 
examine the variety and subjectivity of the retrieved elements, thereby highlighting the 
challenges in constructing and validating SIGs. 

Several issues were identified across categories. In accessibility, elements such as inclusivity, 
responsiveness, and customization were considered unrelated to the concept of accessibility in 



	

 
 

 

the context of transparency. These terms align more with usability, whereas accessibility from a 
transparency perspective refers to the ability to reach or access the object, not necessarily to use 
it. Security, though relevant, was identified as orthogonal to transparency, meaning it is 
correlated but not directly contribute. 

In usability, suggestions such as error handling and feedback mechanisms were regarded 
more as operationalizations than softgoals. 

In informativeness, terms like relevance and actionability generated debate. While one author 
argued that relevance does not necessarily improve the ability to inform, another suggested it 
may help ensure that the reader receives pertinent information. Regarding actionability, it was 
pointed out that being able to act on information does not necessarily imply that one has been 
adequately informed. Similarly, context sensitivity may overlap with aspects of usability or 
understandability. 

The category of understandability presented the most divergence. Terms such as simplicity, 
clarity, and contextualization were questioned in terms of their contribution to how the object of 
transparency is presented. Other terms, like modularity, were considered already represented by 
composability and decomposability. Several additions, such as visual aids, logical structure, and 
explainability were classified as operationalizations or more appropriately placed under other 
softgoals. 

In auditability, elements such as logging, documentation, and anomaly detection were also 
regarded as operationalizations. Security was seen as orthogonal, while compliance and 
dependability sparked discussion as to whether they truly contribute to auditability or are instead 
qualities that can be assessed through it. 

This review underscores the importance of distinguishing between actual softgoals and the 
mechanisms used to operationalize them. It also illustrates how interpreting transparency-related 
qualities can be highly subjective and context-dependent. Our study highlights the diversity and 
complexity of interpretations that arise when using an LLM to support the construction of SIGs, 
emphasizing the challenges of modeling nuanced concepts. The understanding of the knowledge 
embodied in the TSIG provided a solid foundation for critically assessing the extent of GPT’s 
capabilities in addressing such complexity, particularly when modeling with the NFR framework 
(SIG).  

While generating new knowledge through collaborative human effort remains a non-trivial 
endeavor, these limitations do not imply that LLMs are a barrier. On the contrary, they may serve 
as valuable catalysts for accelerating the early stages of exploration and expanding the scope of 
SIG construction. However, by producing a broader range of possibilities, LLMs may also 
increase the effort required in subsequent stages of human collaboration, particularly in reaching 
consensus, since more alternatives must be critically assessed and refined. 

We acknowledge that the small number of participants in this study limits the generalizability 
of the findings. However, it is important to stress that the four participants/co-authors have a 
unique combination of expertise as detailed in Section 3.1. Knowledge on the topic of 
transparency is rare, and the qualitative reasoning explained in this Section shows how difficult 
it is to balance the knowledge of the representation language and of the domain we are dealing 
with. It is also a case that we did not conduct a traditional experiment, where the number of 
participants is an important issue, due to the lack of knowledge on both the representation 
language and the concept of transparency.  



	

 

 

6	 Conclusions	

The literature on Requirements Engineering highlights NFR catalogs as an approach to managing 
the complexity of analyzing, documenting, and reusing Quality Requirements. However, 
reviewing these catalogs demands the involvement of multiple experts, significant cognitive 
effort to reconcile different perspectives and interpretations, and the need to ensure consistency 
in interdependencies [26 -29].  

This study investigated the potential of using an LLM as a tool to support requirements 
engineers in the process of creating a SIG for a given quality (NFR), specifically focusing on 
reviewing a SIG on software transparency. To the best of our knowledge, this is the first work to 
tackle this approach. The choice to focus on transparency relies on its central role in trustworthy 
AI [8, 11, 30, 31]. 

The contributions of this paper to Requirements Engineering are twofold: (1) a report on the 
strategies employed by participants to extract new information for the graph, along with the 
corresponding outcomes, and (2) a quantitative and qualitative evaluation of participants' 
experiences using GPT. All four participants in the study acknowledged GPT's utility and 
potential as a valuable information source in the requirements engineering process, particularly 
during exploratory phases, and can, with caution, provide valuable insights for evolving NFR 
catalogs. We also recognize that the open-access nature of our study facilitates reproducibility 
[34], especially regarding the prompting process, thus encouraging other researchers to explore 
LLMs for evolving NFR catalogues. 

In the future, we plan to focus on customizing the Transparency SIG according to different 
domains and exploring the NFR topic of the NFR Framework [4] since the work presented here 
is centered on the NFR type. In doing this, we could better use the broader LLM knowledge in 
different domains.  

On the other hand, we will explore LLMs' capability in detecting possible operationalizations 
of a SIG. In this work, we explored the upper level of the TSIG (Fig. 1), whereas the software 
catalog [25] already has a set of these operationalizations. Of course, these operationalizations 
are closely related to the domain (topic) to which the NFR is being considered.   

We plan to improve our three-level conversational strategy presented in this article by trying 
different patterns as we continue to explore the world of LLMs to help the requirements engineer 
use LLMs to analyze softgoals and NFR catalogs, as well as to define processes and best practices 
for using such patterns. One possibility is to improve our dialogues by explaining to the LLM the 
rationale used in our questions, as such helping the LLM focus on the specific context, as well as 
providing it with a basis for better explanations.  
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