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Abstract

Requirements-related information is distributed across heterogeneous artefacts,
including online user feedback, developer discussions, and software repositories.
Extracting actionable requirements knowledge from these artefacts is labour-
intensive and difficult to scale due to their volume, diversity, and unstructured
nature. Recent advances in Large Language Models (LLMs) support a broad
range of Requirements Engineering (RE) activities, ranging from requirements
classification and traceability identification to requirements specification and
traceability explanation generation. However, existing empirical evidence on the
use of LLMs in RE remains fragmented across tasks, artefact types, and eval-
uation settings. Consequently, broader conclusions are difficult to draw about
their capabilities and limitations. In particular, studies rarely provide cross-task
empirical evaluations or replication packages, limiting reproducibility and the
accumulation of empirical knowledge. To address this gap, this paper presents
two complementary empirical studies evaluating LLMs across five RE-related
activities. The first is a controlled experiment evaluating five lightweight open-
source LLMs for feedback-driven requirements classification and specification
generation. The second is an exploratory industrial case study evaluating two
frontier LLMs for traceability link identification and traceability explanation
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generation using software project artefacts. Classification and traceability iden-
tification were evaluated using quantitative metrics, while generation tasks were
assessed through human evaluation. The results show that LLM performance
is strongly task-dependent, ranging from moderate to high across the evaluated
RE activities. No single model consistently outperformed others across all tasks,
highlighting that effective LLM adoption in RE depends on selecting models and
prompting strategies according to the target RE task. Our contributions are:
(i) the first cross-task empirical evaluation of LLMs spanning five RE-related
activities, (ii) replication materials supporting transparency and reproducibility,
and (iii) a broader empirical understanding of the capabilities, limitations, and
practical readiness of current LLMs for RE.

Keywords: Requirements Engineering, Large Language Models, User Feedback
Analysis, Requirements Traceability, Requirements Specification, Mining Software
Repositories.

1 Introduction

Modern Requirements Engineering (RE) depends on extracting actionable knowledge
from heterogeneous software project artefacts, including online user feedback, issue
tickets, developer discussions, and repository documentation [1-3]. These artefacts
provide complementary evidence about stakeholder needs, implementation decisions,
and software evolution [1, 4, 5]. This information supports core RE activities, from
requirements elicitation [5] and classification [6] to specification and traceability [7, 8].

Extracting actionable requirements knowledge from these artefacts is however
increasingly challenging due to their volume, diversity, and unstructured nature [5, 9,
10]. As software projects evolve, practitioners must continuously analyse information
distributed across multiple artefacts to identify, classify, document, and trace require-
ments [1, 11, 12]. Consequently, automated support for analysing requirements-related
artefacts has become an important research topic in RE and Software Engineering
(SE) [10, 11].

Over the past decade, numerous Natural Language Processing (NLP) and Machine
Learning (ML) techniques have been proposed to support analytical RE-related
activities, including user feedback analysis, requirements classification, information
extraction, and traceability recovery [8, 9, 13]. Although these approaches have demon-
strated promising results, they are typically designed for individual tasks, require
substantial labelled data, and often generalise poorly across projects and artefact
types [3, 5]. Consequently, developing and maintaining task-specific solutions remains
resource-intensive and difficult to generalise across projects and artefact types [3].

Recent advances in Large Language Models (LLMs) offer new opportunities
to overcome these limitations [1, 11, 14]. Beyond improving analytical RE activ-
ities such as requiremetns classification [15] and traceability analysis [16], LLMs
enable generative capabilities, including requirements specification [17] and expla-
nation generation [1, 18]. Owing to their strong reasoning and text generation
capabilities [19, 20|, LLMs have rapidly gained attention across RE/SE [19]. Unlike



conventional NLP and ML approaches, LLMs can be adapted to diverse RE activities
using natural-language prompts instead of task-specific models [1, 21].

Despite this growing interest, empirical evidence on the use of LLMs in RE remains
fragmented across tasks, artefact types, and evaluation settings [1, 19, 22]. Conse-
quently, it is difficult to establish a broader understanding of their capabilities and
limitations or determine whether findings obtained in one RE context generalise to
others [7, 8]. Moreover, few studies provide cross-task empirical evaluations or pub-
licly available replication materials, limiting reproducibility and the accumulation of
empirical knowledge [1, 23, 24].

This gap raises an important question: how do current LLMs perform across
diverse RE-related activities, and how do their capabilities and limitations
vary across different RE contexts? Addressing this question requires empirical
evidence spanning multiple RE activities, artefact types, and evaluation settings.

To address this gap, we present two complementary empirical studies covering five
RE-related activities.

Mallya et al. [17] previously reported the first study, which evaluated five
lightweight open-source LLMs on three feedback-driven activities: non-functional
requirements classification, user request classification, and requirements specification
generation. This manuscript substantially extends that work by introducing a second
empirical study. The second study is an exploratory industrial case study that evalu-
ates two frontier LLMs for traceability link identification and traceability explanation
generation using heterogeneous software project artefacts.

The two studies intentionally evaluate different categories of LLMs. The first study
investigates whether lightweight open-source LLMs can support RE tasks with pre-
defined outputs, including classification and requirements specification. The second
study evaluates frontier LLMs on traceability analysis, which requires identifying
semantic relationships across multiple software artefacts and generating evidence-
grounded explanations. These studies move beyond task-specific evaluations by
integrating evidence from complementary RE scenarios. This provides a broader
empirical perspective on the capabilities and limitations of LLMs across requirements
classification, specification, traceability, and explanation generation.

Rather than proposing a new LLM architecture or prompting strategy, this work
aims to build cumulative empirical evidence on the capabilities and limitations of
current LLMs for RE. By combining evidence from these complementary RE-related
tasks, we identify strengths, limitations, and practical challenges that influence the
effective adoption of LLMs in RE. The main contributions of this paper are as follows:

® the first cross-task empirical evaluation of LLMs spanning five RE-related activities;

e replication materials supporting transparency and reproducibility [25];

® 3 broader empirical understanding of the capabilities and limitations of current
LLMs for RE.

The remainder of this paper is organised as follows. Section 2 introduces the
background, and Section 3 reviews the related work. Section 4 presents the moti-
vating scenarios for our studies. Sections 5 and 6 describe the two empirical studies



and present their results. Section 7 provides a cross-study discussion, and Section 8
concludes the paper.

2 Background

We now introduce the Large Language Models and prompt engineering strategies used
in our study.

2.1 Large Language Models

Large Language Models (LLMs) are neural networks trained on large text corpora [11,
26|. They have demonstrated strong capabilities in reasoning, classification [27], sum-
marization [17], and text generation [2]. These capabilities make them increasingly
attractive for RE [1]. Unlike traditional Natural Language Processing (NLP) and
Machine Learning (ML) approaches, LLMs can be adapted to diverse RE tasks using
natural-language prompts rather than task-specific models [3].

LLMs can be broadly divided into two categories: lightweight LLMs and fron-
tier LLMs |20, 28]. Lightweight LLMs require fewer computational resources and can
be executed locally [1]. This makes them suitable for privacy-sensitive environments,
controlled experimentation, and resource-constrained RE/SE projects [15]. However,
their lower computational requirements come at the cost of reduced reasoning capa-
bilities and smaller context windows compared with frontier LLMs [28]. In contrast,
frontier LLMs provide substantially stronger reasoning capabilities and larger context
windows, enabling the analysis of long and heterogeneous software artefacts [20]. Their
reliance on provider-hosted infrastructure, however, may introduce higher computa-
tional costs and data privacy considerations [19]. Consequently, the choice of model
depends on the characteristics of the RE/SE task [1]. Lightweight LLMs are well
suited to analysing relatively short artefacts such as user feedback, whereas frontier
LLMs are more appropriate for reasoning across multiple software artefacts, including
project documentation, issue-tracking systems, and developer discussions.

To investigate LLM capabilities across different RE activities, this paper eval-
uates both lightweight and frontier models. Study I investigates five lightweight
open-source LLMs (Llama 2!, Llama 32, Mistral®>, Gemma 2%, and Phi-3 Mini®) for
feedback-driven RE tasks. Study IT evaluates two frontier LLMs (GPT-5.5%, and
DeepSeek-R17) for traceability analysis across software project artefacts.

The lightweight models were selected as a representative set of locally deployable
LLMs from major AI developers. They differ in size and reasoning capability while
remaining suitable for controlled local experimentation. Local execution provided
full control over the experimental environment and ensured reproducibility. Rather
than identifying a single best-performing model (e.g., [15]), Study I examines how
representative lightweight LLMs perform across different RE tasks.

"https://huggingface.co/meta-1lama/Llama-2- 7b-hf
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Table 1 Large language models evaluated in this paper.

Model Developer Parameters | Context Window Category Study
Llama 2 Meta Al 7B 4K Lightweight I
Llama 3 Meta Al 8B 8K Lightweight 1
Mistral Mistral AT 7B 8K Lightweight I
Gemma 2 Google DeepMind 9B 8K Lightweight I
Phi-3 Mini Microsoft 3.8B 4K Lightweight I
GPT-5.5 OpenAl Not disclosed 128K Frontier 11
DeepSeek-R1 | DeepSeek Al 671B 128K Frontier 11

In contrast, Study II evaluates frontier LLMs motivated by an industrial col-
laboration with Huawei Research Centre. Preliminary experimentation showed that
lightweight models were impractical for traceability analysis over long and hetero-
geneous software artefacts because of their limited context windows and reasoning
capabilities. Consequently, we evaluate GPT-5.5 and DeepSeek-R1, two representative
frontier reasoning models with substantially larger context windows, accessed through
their provider-hosted interfaces. These models represent complementary commercial
and open-weight approaches to frontier LLLM deployment in contemporary SE practice.

Table 1 summarises the LLMs evaluated in this paper. Parameters denote the
approximate number of trainable model weights (where publicly available), while the
Context Window indicates the maximum number of tokens the model can process in a
single interaction. Category distinguishes lightweight and frontier models, and Study
identifies the corresponding empirical study.

2.2 Prompting Strategies

Interaction with LLMs is achieved through prompts, i.e., natural-language instructions
that define the task and expected output [1, 27]. The formulation of a prompt, com-
monly referred to as a prompting strategy, substantially influences model behaviour
and output quality [20, 29]. Consequently, prompt engineering has become an impor-
tant aspect of applying LLMs to RE/SE tasks [30]. Appropriate prompting can
improve reasoning quality, increase output consistency, and reduce ambiguity in model
responses [14]. These improvements are particularly important for RE tasks, where
accurate interpretation and structured outputs are often required [1].

This paper considers five representative prompting strategies, summarised in
Table 2. The strategies differ in how they guide model behaviour [1, 20, 27]. Zero-
shot prompting relies solely on task descriptions. Few-shot prompting supplements
the instruction with a small number of labelled examples. Chain-of-thought prompt-
ing encourages explicit reasoning before producing the final answer. Constraint-based
prompting introduces explicit rules or templates to improve output consistency and
structure. Role-based prompting assigns the model a specific professional perspective
to guide its responses.

We selected these prompting strategies because they are widely adopted in the
LLM for RE/SE literature and cover the principal mechanisms for guiding model
behaviour [1, 14, 19]. Study I evaluates all five strategies to investigate their influence
on classification and requirements generation tasks. In contrast, Study II focuses on
zero-shot and chain-of-thought prompting. Rather than optimising prompt design [29],



the study evaluates the reasoning capabilities of frontier LLMs over heterogeneous
software project artefacts in a realistic industrial setting.

Table 2 Overview of prompt strategies used in our study.

Prompt Strategy Description and Example
Description: A brief instruction describes the task, assum-
ing the model can generalise from its pre-trained knowledge

Zero-shot .
to perform it.
Example: “Classify the following user feedback as a feature
request, bug report, or usability issue.”
Description: A few labelled examples show the desired pat-
Few-shot tern, assuming the model will apply it to new inputs.

Example: “Example 1: ‘Add dark mode’ — Feature
Request. Example 2: ‘App crashes on login’ — Bug Report.
Now classify the next five items.”

Description: The model is instructed to reason step by step
and write intermediate steps before giving the final answer.
Example: “Explain why this discussion fragment supports
the given project goal, then identify the traceability link.”
Description: Prompts include explicit rules, templates, or
conditions that the output must follow.

Example: “Generate requirements that are testable, unam-
biguous, and measurable.”

Description: The model is assigned a specific role and
responds using the perspective, tone, and knowledge
expected from it.

Example: “You are a requirements analyst. Rewrite the fol-
lowing user request as a formal functional requirement.”

Chain-of-Thought

Constraint-based

Role-based

3 Related Works

This section reviews related work on modern Requirements Engineering and LLMs
for RE, highlighting the research gaps addressed in this study.

3.1 Modern Requirements Engineering

Requirements Engineering (RE) has evolved substantially over the past two decades [9,
10, 12]. Traditional RE relied primarily on stakeholder interviews, workshops, and
requirements specifications [31]. Modern software projects, however, continuously
generate large volumes of requirements-related information throughout the software
lifecycle. This shift has led to the emergence of Data-Driven Requirements Engineering
(DDRE) [5, 13]. DDRE complements stakeholder knowledge with evidence extracted
from heterogeneous software artefacts, such as user feedback [8, 32], issue reports [33],
software repositories [34], and developer discussions [35].



The growing availability of software artefacts has stimulated research on Artifi-
cial Intelligence for Requirements Engineering (AT4RE) [36]. AI4RE applies Machine
Learning (ML), information retrieval, knowledge-based techniques, and Natural Lan-
guage Processing (NLP) to automate RE activities [5, 8]. These include, for example,
requirements classification (e.g., functional versus non-functional requirements) [37],
information extraction (e.g., feature descriptions from online user feedback) [38], trace-
ability recovery (e.g., linking requirements to source code) [39], and defect detection
(e.g., identifying ambiguous requirements) [40].

As most software artefacts are represented in natural language, Natural Language
Processing for Requirements Engineering (NLP4RE) has become a major research
direction [13]. NLP4RE extends traditional AI4RE by focusing on methods for under-
standing and processing textual software artefacts [3]. However, systematic literature
reviews report that most Al- and NLP-based approaches address individual RE tasks,
focus on a single artefact type (e.g., app reviews, issue reports, or requirements speci-
fications) [41, 42], and require task-specific models or labelled datasets for supervised
learning [1, 8, 43].

Recent advances in LLMs have significantly expanded these capabilities [43]. Unlike
earlier AT and NLP approaches, LLMs support both analytical (e.g., requirements
classification [15] and traceability recovery [16]) and generative RE activities (e.g.,
requirements specification [44] or model generation [45]) through natural-language
prompting [1]. They can analyse diverse software artefacts and support multiple RE
tasks using the same general-purpose model [21].

Overall, the literature demonstrates a clear evolution of modern RE. Research has
progressed from stakeholder-centric practices towards data-driven analysis of hetero-
geneous software artefacts [5, 13, 46]. At the same time, AT and NLP approaches have
evolved from task-specific techniques to general-purpose language models [3]. This
evolution has laid the foundation for contemporary research on LLMs for RE [1, 21].

3.2 Large Language Models for Requirements Engineering

Research on LLMs for RE has grown rapidly in recent years [1, 47|. Existing studies
investigate LLMs across a broad range of RE activities [30, 43]; and demonstrate their
potential to support different stages of the requirements lifecycle. Recent systematic
literature reviews also indicate a clear shift from traditional NLP pipelines towards
prompt-driven and generative approaches (e.g., [1, 30, 43, 47]). In particular, recent
studies increasingly focus on requirements elicitation and validation [48], while also
exploring the integration of RE with downstream SE activities such as testing [49],
modelling [45], and design support [50].

Current research covers both analytical and generative RE tasks [1, 18]. Papers
investigating analytical tasks typically focus on requirements classification (e.g., func-
tional versus non-functional requirements) [17] and traceability recovery (e.g., linking
related artefacts) [16]. In contrast, papers investigating generative tasks commonly
address requirements specification (e.g., generating user stories) [44], refinement (e.g.,
improving requirement quality [51], and explanation generation (e.g., explaining
requirements) [51].



Table 3 Comparison between existing empirical studies on LLMs for Requirements Engineering
and this work.

Dimension Existing Studies This Work

Evaluation scope Single RE task Multiple RE tasks

RE task type Analytical or generative Analytical and generative
Evaluation setting Experiment or case study Experiment and case study
Models Single LLM family Lightweight and frontier LLMs
Reproducibility Limited replication support Replication package

Although the range of RE tasks has broadened considerably, most empirical stud-
ies still evaluate LLMs on a single task or application scenario [1, 43]. Recent work also
increasingly explores more knowledge-intensive activities, including requirements elic-
itation [18], validation [48], and specification generation [47]. Consequently, it remains
unclear to what extent findings obtained for one RE task generalise to others [1, 30].
This limits a broader empirical understanding of LLLM capabilities across RE tasks.

The range of evaluated artefacts has also expanded considerably. Early studies
focused primarily on Software Requirements Specifications (SRS) [1, 44]. More recent
work investigates a broader range of software artefacts, including user stories [17],
issue reports [52], online user feedback [53], regulatory documents, technical documen-
tation [30], and software repositories [1]. This trend reflects the increasing importance
of heterogeneous software artefacts in modern RE.

Empirical studies investigate a growing range of LLMs and prompting strate-
gies [16, 52]. However, most evaluations still rely on frontier models (e.g., GPT-based)
and zero-shot or few-shot prompting [1]. Lightweight models (e.g., Mistral) and more
advanced prompting strategies, including chain-of-thought reasoning [15], retrieval-
augmented generation (RAG) [50], and agent-based workflows [4], have received
comparatively less attention. Studies are also typically conducted either as controlled
experiments [15] or as industrial case studies [44], with few combining both evaluation
settings.

3.3 Research Gap

Recent AI4RE studies demonstrate the growing potential of LLMs for RE applica-
tions [1, 30, 43, 47]. However, the available empirical evidence remains fragmented [30,
47]. Table 3 summarises the principal differences between previous empirical studies
and our work.

First, most studies investigate a single RE task (e.g., requirements classifica-
tion [37] or traceability recovery [16]), limiting the generalisability of existing findings
across different RE tasks.

Second, previous studies typically evaluate either analytical or generative RE tasks,
and rely on either controlled experiments or industrial case studies [1, 43]. As a result,
technical performance and practical applicability are rarely assessed together. In addi-
tion, most evaluations consider models from a single LLM family [1], providing limited
insight into the trade-offs between lightweight and frontier LLMs [15].



Table 4 Motivating scenarios and supported RE activities.

Motivating Scenario Supported RE Activities Study
Requirements elicitation
From User Feedback to Requirements Requirements classification I

Requirements specification generation

Requirements traceability
Requirements Across Project Artefacts | Design rationale understanding 1T
Requirements impact analysis

Finally, reproducibility remains an important challenge [1, 14]. While some studies
release datasets, prompts, source code, or other research artefacts, replication support
is often incomplete or unavailable [23]. This limits independent validation, cross-study
comparisons, and the accumulation of reliable empirical evidence.

To address these gaps, our study provides a comprehensive cross-task evalu-
ation of LLMs for RE. It evaluates multiple analytical and generative RE tasks
using both lightweight and frontier LLMs, combines a controlled experiment with an
industry-motivated case study, and releases a complete replication package to support
reproducibility and future research.

4 Motivating Scenarios

We now present two complementary RE scenarios representing different stages of the
requirements lifecycle. The first scenario is motivated by prior empirical RE research
on the use of online user feedback [8]. Specifically, it builds on empirical studies,
surveys, and practitioner interviews examining how software teams leverage user feed-
back to support RE and SE practice [54]. The second scenario is motivated by an
industry-informed case study conducted in collaboration with Huawei Research Cen-
tre, focusing on the Rust open-source ecosystem?®. It investigates requirements-related
information distributed across heterogeneous software project artefacts to support
requirements traceability, design rationale understanding, and impact analysis [3].
Table 4 provides an overview of the motivating scenarios, the supported RE activities,
and the corresponding empirical studies.

4.1 Scenario 1: From User Feedback to Requirements

Modern mobile applications receive large volumes of online user reviews through
app store platforms [8]. These reviews contain valuable requirements-related infor-
mation, including feature requests, bug reports, and software quality concerns (e.g.,
usability and performance) [10]. Analysing user reviews can supports several RE
activities [7]. However, their volume and noisy nature make manual analysis chal-
lenging [8]. Consequently, automated approaches for analysing user feedback and
generating requirements specifications are increasingly important for supporting RE
practice [13].

8https://rust-lang.org
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Consider a development team maintaining a mobile application such as What-
sApp. Following a new release, the team receives thousands of user reviews. Some
request new functionality (e.g., “add message scheduling”), others report defects (e.g.,
“messages fail to send”), while many describe software quality concerns such as poor
performance (“the application is too slow to open”) or usability issues (“the chat lay-
out is confusing”). Although valuable, only a subset of reviews contains actionable
requirements-related information.

To identify stakeholder needs, the team could automatically classify user reviews by
request type (e.g., feature request, bug report, or other) and referenced non-functional
requirements (NFRs). The resulting classifications would support requirements elici-
tation by extracting actionable stakeholder needs from large volumes of user feedback.
They would support requirements classification by organising the elicited require-
ments according to request type and quality attributes. By quantifying the classified
feedback, developers could identify the most frequently requested features, reported
defects, and software quality concerns. This would support requirements prioritisation
and guide software evolution [7, §8].

Having identified and classified the relevant feedback, the team could support the
requirements specification activity. An automated approach could generate require-
ment statements, user stories, or an initial Software Requirements Specification (SRS).
For example, the review “add dark mode” could be reformulated as the requirement
statement “The system shall provide a dark mode option.” Alternatively, it could be
expressed as the user story “As a user, I want to enable dark mode so that I can
comfortably use the application in low-light environments.” Although these drafts
would not replace a complete specification, they could reduce documentation effort,
improve consistency, and maintain traceability between user feedback and documented
requirements [54].

This scenario motivates Study I, which investigates lightweight open-source LLMs
for supporting these RE activities.

4.2 Scenario 2: Requirements Across Project Artefacts

As software projects evolve, requirements-related information becomes distributed
across software repository artefacts, including project roadmaps, GitHub issues, and
developer discussions [10, 12]. Analysing the relationships between these artefacts
supports RE activities such as requirements traceability, design rationale under-
standing, and requirements impact analysis [3]. However, their distributed and
heterogeneous nature makes manual analysis challenging [5]. Consequently, automated
traceability identification and rationale explanation are increasingly important for RE
practice [16].

Consider the real-world open-source Rust programming language project, where
contributors from both the community and industry (e.g., Huawei) collaborate on
the language’s development®. Requirements-related information is distributed across
roadmap goals'?, GitHub issues'!, and Zulip developer discussions'?. Understanding

9https://github.com/rust-lang/

10https:/ /rust-lang.github.io/rust-project-goals/
M https://github.com /rust-lang/rust/issues/
12https:/ /rust-lang.org/community/
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the relationships between these artefacts would help contributors answer questions
such as: Which roadmap goal does this GitHub issue address? What functionality is
being proposed? Why was this design decision made? How should the proposed feature
be implemented? Answering these questions supports requirements traceability, design
rationale understanding, and anticipating the impact of proposed language changes [3].
However, manually reconstructing these relationships across numerous artefacts is
time-consuming and error-prone.

The team could therfore use an automated approach to identify traceability links
and generate evidence-grounded explanations across project artefacts. The identified
links would support requirements traceability by linking roadmap goals with related
GitHub issues and Zulip discussions. Contributors could then quickly determine which
discussions concern a particular project goal, which issue operationalises it, and how
the proposed feature evolves throughout development. The generated explanations
would support design rationale understanding by explaining why these artefacts are
linked and identifying the evidence supporting each relationship.

When planning language changes, contributors need to anticipate their implica-
tions before implementation. Traceability links and their evidence-grounded expla-
nations would help identify related roadmap goals, implementation activities, and
technical dependencies that may be affected by a proposed feature or modifica-
tion. The same information would also help industrial adopters assess how language
evolution could influence downstream software systems, such as operating systems,
embedded software, and Rust-based applications. This would support requirements
impact analysis and enable better-informed engineering decisions.

This scenario motivates Study II, which investigates state-of-the-art LLMs for
supporting these RE activities across heterogeneous software project artefacts.

These two scenarios cover complementary stages of the RE lifecycle. Scenario 1
focuses on eliciting and documenting requirements from stakeholder feedback, whereas
Scenario II focuses on tracing and explaining requirements across software project
artefacts.

5 Study I: From User Feedback to Requirements

The first study investigates whether lightweight LLMs can support feedback-driven
RE, based on the first motivating scenario (see Sect. 4). It evaluates five lightweight
open-source LLMs across three complementary tasks: user request classification, NFR
classification, and requirements specification generation. We first introduce the study
context, including the key concepts, terminology, and RE problems considered in this
study. We then present the empirical study design, experimental findings, and discuss
their implications for RE practice.

5.1 Study Context

Our first study focuses on app review analysis [8]. Specifically, we consider app reviews,
a form of online user feedback collected from mobile application platforms (e.g., Google
Play Store). App reviews are among the most widely used sources of user feedback in
RE. Their large volume and unstructured nature make manual analysis challenging,

11



motivating automated approaches for user feedback analysis [53, 54]. Each app review
is treated as a user feedback instance.

User feedback conveys diverse types of information relevant to RE. We focus on
two information types: user requests and non-functional requirements (NFRs). User
requests express users’ needs to modify the software and are categorized as either
feature requests, describing desired functionality, or bug reports, describing defects or
incorrect system behavior [8]. NFRs are categorized according to the software quality
attributes defined by the ISO/IEC 25010 quality model, including usability, reliability,
performance, and security [55].

We investigate two complementary RE tasks. The first, user feedback classifica-
tion, classifies each app review using two schemes: the user request type (e.g., feature
request or bug report) and the NFR type (e.g., performance, usability, or security), each
with an additional other category. The second, requirements specification generation,
transforms one or more classified user feedback instances into structured require-
ments specifications, such as requirement statements or user stories, that capture the
underlying stakeholder needs.

For example, the review ‘The app crashes when saving a form” is classified as a
bug report, whereas ‘I want the app to automatically save my progress” is classified as
a feature request. Similarly, ‘The app responds very slowly when opening large files”
is classified into the performance NFR category. The feature request can then be
transformed into the requirement statement ‘The system shall automatically save user
progress.” or expressed as the user story “As a user, I want the app to automatically
save my progress so that I do not lose data.”

5.2 Empirical Study Design

This section presents the empirical study conducted to evaluate the effectiveness of
LLMs in analysing online user feedback to support RE.

5.2.1 Research Questions

The goal of this study is to evaluate LLMs in analysing online user feedback to support
RE tasks. We specifically focus on three research questions:

® RQ1: How well do LLMs classify feedback by NFR type?
® RQ2: How well do LLMs classify feedback by user-request type?
® RQ3: How well do LLMs generate requirements specification?

In RQ1, we assess the models’ ability to identify the NFR type mentioned in user
reviews. RQ2 examines how accurately the models classify user feedback by request
type. RQ3 evaluates their capability to generate requirements specification from the
same feedback. All evaluations use human-annotated datasets (see Sect. 5.2.2). For
RQ1-RQ2, model predictions are compared with annotations using precision, recall,
and Fl-score. For RQ3, SRSs generated from sampled reviews are assessed through
human judgment based on predefined quality criteria.

12



5.2.2 Datasets

We use two annotated datasets of mobile app user feedback from prior studies [56, 57].
The first dataset was originally labeled with NFR types [57] and is used to answer
RQL1. The second dataset contains app reviews annotated with user request types [56]
and is used to answer RQ2. In addition, a sample of annotated reviews from both
datasets is used to answer RQ3. We selected these datasets for their relevance and
availability in a public repository [8]. Each dataset contains thousands of reviews from
approximately a dozen apps across diverse domains and both major app stores. This
diversity mitigates the app sampling problem and supports validity [8].
Non-Functional Requirements (NFR) Dataset. The first dataset, introduced
by Lu and Liang [57], focuses on app reviews annotated with NFR types based on
the software quality model [55]. The initial collected dataset comprised approximately
11,000 app reviews from two mobile applications in the books and communications
categories. These reviews were drawn from both major app stores, the Apple App Store
and Google Play Store. A subset of 4,000 review sentences was manually annotated
according to five NFR categories.

User Request Dataset. The second dataset builds on previous studies [58, 59|
and includes additional user feedback collected for this study [56]. The initial col-
lected dataset covered about 10 mobile applications across more than 10 categories
from both the Apple App Store and Google Play Store. From an initial pool of the
collected reviews, a curated subset of 2,912 was manually annotated into three user
request types: feature requests, bug reports, and other. This dataset provides a diverse
and representative sample of user feedback for evaluating automated classification
approaches.

5.2.3 Evaluation Metrics and Criteria

We applied both quantitative and qualitative methods. Standard ML metrics [4]
were used for RQ1 and RQ2, as feedback classification is a classification task [60].
Specification generation (RQ3) was evaluated via criteria-based assessment [61].

Evaluation Metrics for Classification (RQ1-RQ2).

We compute precision, recall, and F1-score for two experiments: classifying user feed-
back by NFR type (RQ1) and by user request type (RQ2). Precision measures the
proportion of correctly predicted labels among all predictions, while recall measures
the proportion of correctly identified labels in the ground truth. Model performance is
assessed by comparing each predicted label (user request or NFR type) with its anno-
tated counterpart. Scores are calculated per class (e.g., feature request, bug report,
other), along with macro averages. The macro average treats all classes equally.

Evaluation Criteria for Specification Generation (RQ3).

For RQ3, the quality of generated requirement specification is evaluated qualita-
tively across five criteria derived from established specification attributes such as
completeness, consistency, and clarity [62]. Each criterion was adapted to suit the
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Table 5 Evaluation criteria and scoring used to assess generated specification (RQ3).

Criterion Description and Scoring

Description: Evaluates how well the generated specification

Structural Adherence follows the expected structure, ensuring coverage of all sections.

Scoring: Originally 1-8 points (one per correctly included
section), linearly rescaled to 1-5 for consistency; higher is better.

Description: Evaluates the coverage of requirements identified

Completeness from user feedback.

Scoring: Rated on a 1-5 scale, with higher scores reflecting
greater completeness of identified requirements from user feed-
back.

Description: Evaluates how faithfully the generated specifica-
tion reflects user feedback, identifying fabricated requirements.

Fidelity Scoring: Rated on a 1-5 scale; higher scores indicate greater

fidelity (rescaled from the proportion of fabricated to valid
requirements).

Description: Evaluates redundancy and verbosity in the gen-

. erated text, indicating how efficiently information is conveyed.
Conciseness

Scoring: Rated on a 1-5 scale, with higher scores reflecting
greater conciseness and lower values indicate increased verbosity.

Description: Evaluates the clarity of generated requirements

Clarity in terms of unambiguity, specificity, and interpretability.

Scoring: Rated on a 1-5 scale, with higher scores reflecting
greater clarity and linguistic precision.

characteristics of automatically generated specification. Table 5 outlines the evalua-
tion rubric, which includes five criteria. These dimensions assess structural correctness,
coverage of stakeholder input, factual grounding, semantic accuracy, and linguistic
quality. Each criterion follows a defined scoring scheme combining quantitative (e.g.,
counts or coverage) and qualitative (e.g., 1-5 scale) measures, supporting systematic
and replicable assessment of specification quality [61].

5.2.4 Experimental Setup and Procedure

We now describe the computational setup, prompting strategies, and evaluation
procedures used in three experiments (RQ1-RQ3).

Computational Setup

All experiments were conducted under consistent hardware and parameter settings to
ensure fairness and reproducibility. We evaluated five LLMs (see Sect. 2), running each
model three times per task to reduce stochastic variance. Default parameters were
used, with temperature set to 0 and a fixed random seed to minimise non-determinism.
No hyperparameter tuning was applied to isolate the effects of prompting strategies.
Experiments ran on a workstation with an NVIDIA RTX 4050 GPU (6 GB VRAM)
and 16 GB RAM. Total runtime per model (3 runs) ranged from 20 min to 2 h for
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user request classification (512 reviews) and 2-5 hours for NFR classification (1,278
reviews).

Prompting Strategies

We experiment with five prompting strategies (see Sect. 2). Prompting strategies are
customised for each experiment (RQ1-RQ2).

Prompting Strategies for Classification (RQI1I-RQ2). We apply three prompting
strategies across two classification tasks (user request type and NFR type): zero-shot,
few-shot, and chain-of-thought (CoT) prompting. These strategies capture increasing
levels of reasoning and contextualization while remaining lightweight and repro-
ducible. We omit more complex prompting (e.g., role-based or constraint-based),
as classification primarily requires consistent label prediction rather than creative
or constrained generation. Prompts are refined iteratively through a pilot study.
Few-shot examples come from our dataset, and CoT prompts direct models to “think
step-by-step before giving the final category”.

Prompting Strategies for Specification Generation (RQ3). We use all five prompt-
ing strategies for the specification generation task. Beyond the three classification
strategies (zero-shot, few-shot, CoT'), we add constraint-based and role-based prompt-
ing to improve structural coherence and contextual relevance. These strategies better
suit generative tasks that require creativity and controlled output. In the constraint-
based setup, prompts specify that outputs follow a defined structure (e.g., functional
and non-functional sections) and include constraints such as “avoid implementation
details” and “ensure each requirement is unique”.

FEvaluation Procedures

We use quantitative evaluation for classification tasks (RQ1-RQ2) and qualitative
evaluation for specification generation (RQ3).

Evaluation Procedure for Classification (RQ1-RQ2). For RQ1l and RQ2, we evaluate
models on the corresponding annotated dataset for each classification experiment
(Section 5.2.2). Each review is processed by the LLM under each prompting setup
(zero-shot, few-shot, CoT), and predicted labels are compared with the ground truth.
We calculate precision, recall, and F1-score per class, along with macro- and weighted
averages. We report mean values over three runs.

Evaluation Procedure for Specification Generation (RQ3). For RQ3, we use 90 anno-
tated reviews randomly sampled from our collected data. Half are taken from the user
request dataset, and the other half from the NFR dataset. The same input is pro-
vided to each LLM under every prompting setup. Each model generates requirements
specification following the template, including Introduction, Functional Requirements,
NFRs, and Glossary sections. The first author evaluates the outputs using the five
criteria (see Table 5). The results are verified through manual examination of user
feedback. The scores are averaged across all samples.
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5.3 Results

RQ1: How well do LLMs classify feedback by NFR type?

To answer RQ1, we evaluated how well LLMs classify user feedback by NFRs under
three prompting strategies: zero-shot, few-shot, and chain-of-thought. Table 6 reports
precision, recall, and F1 scores for each model, with the best results highlighted in
bold. The effectiveness ranges from an F1 score of 0.40 to 0.55, with averages of 0.47,
0.49, and 0.51 for the zero-shot, few-shot, and chain-of-thought strategies, respectively.
Across prompting strategies, performance improves steadily from zero-shot to few-shot
to chain-of-thought, confirming that example-based and reasoning-enhanced prompts
help LLMs better identify NFR types. Larger and newer models (Gemma, Llama 3,
Mistral) generally outperform smaller or earlier ones (Llama 2, Phi-3 Mini). Gemma
achieves the highest overall F1 score (0.55) and precision (0.53) under the chain-of-
thought setting, while Llama 3 records the highest recall (0.59). Mistral performs
most consistently across all prompting strategies, ranking near the top in zero-shot
and few-shot modes. In contrast, Llama 2 yields the lowest scores across all metrics,
while Phi-3 Mini remains stable but below the larger models.

Answer to RQ1: LLMs achieve moderate accuracy (F1 =~ 0.47-0.51) for clas-
sifying feedback by NFR type. Chain-of-thought prompting performs best, with
Gemma leading overall (P=0.53, R=0.57, F1=0.55).

Table 6 How well do LLMs classify feedback by NFR type? (RQ1)

Zero-Shot Few-Shot Chain-of-Thought
P R F1 P R F1 P R F1
Llama 2 0.44 | 0.36 | 0.40 | 0.49 | 0.39 | 0.43 | 0.52 | 0.46 0.49
Llama 3 0.42 | 0.54 | 0.47 | 0.46 | 0.57 | 0.51 | 0.48 | 0.59 | 0.53
Mistral 0.49 | 0.51 | 0.50 | 0.54 | 0.51 | 0.52 | 0.47 | 0.59 | 0.52
Gemma 0.51 | 048 | 049 | 0.51 | 049 | 0.50 | 0.53 | 0.57 | 0.55
Phi-3 Mini | 0.44 | 0.54 | 048 | 046 | 0.54 | 0.50 | 0.44 | 0.48 0.46
Average 0.46 | 0.49 | 047 | 0.49 | 0.50 | 0.49 | 0.49 | 0.54 | 0.51

Model

RQ2: How well do LLMs classify feedback by user request type?

To answer RQ2, we examined how LLMs classify user feedback by request type under
three prompting strategies: zero-shot, few-shot, and chain-of-thought. Table 7 presents
precision, recall, and F1 scores for each model, with the best results in bold. Model
performance ranges from an F1 score of 0.32 to 0.74. The average F1 values are 0.59
for zero-shot, 0.68 for few-shot, and 0.64 for chain-of-thought prompting. Performance
increases notably from zero-shot to few-shot prompting, while chain-of-thought yields
moderate improvements. Larger and more recent models, such as Llama 3, Mistral,
and Gemma, generally achieve higher accuracy than smaller or earlier ones, including
Llama 2 and Phi-3 Mini. Llama 3 reaches the highest F1 score of 0.74 and recall of
0.75 under the few-shot setting. Mistral and Gemma perform consistently well across
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all strategies. Llama 2 produces the lowest scores, while Phi-3 Mini remains stable
but below the stronger models. Overall, few-shot prompting provides the best results
(average F1 = 0.68); it suggests that including example-based context helps LLMs
more accurately classify user feedback by request type.

Answer to RQ2: LLMs achieve moderate-to-high average accuracy (F1 =
0.59-0.68) for classifying feedback by user request type. Few-shot prompting
performs best, with Llama 3 leading overall (P=0.72, R=0.75, F1=0.74).

Table 7 How well do LLMs classify user feedback by request type? (RQ2)

Zero-Shot Few-Shot Chain-of-Thought
P R F1 P R F1 P R F1
Llama 2 0.28 | 0.36 | 0.32 | 0.57 | 0.56 | 0.57 | 0.60 | 0.42 | 0.49
Llama 3 0.77 | 0.67 | 0.72 | 0.72 | 0.75 | 0.74 | 0.71 | 0.70 0.71
Mistral 0.60 | 0.63 | 0.62 | 0.69 | 0.74 | 0.71 | 0.65 | 0.72 0.68
Gemma 0.66 | 0.71 | 0.68 | 0.68 | 0.67 | 0.68 | 0.65 | 0.60 | 0.63
Phi-3 Mini | 0.69 | 0.51 | 0.59 | 0.68 | 0.67 | 0.68 | 0.67 | 0.70 | 0.69
Average 0.60 | 0.58 | 0.59 | 0.67 | 0.68 | 0.68 | 0.66 | 0.63 | 0.64

Model

RQ3: How well do LLMs generate requirements specification?

To answer RQ3, each model was evaluated on five criteria: structure (SA), complete-
ness (CO), fidelity (FI), conciseness (CN), and clarity (CL), as defined in Table 5.
Table 8 reports results across models and prompting strategies. Overall, the models
produced moderate-quality specification (mean=3.1; SD=0.8). Llama 3 with chain-of-
thought prompting and Mistral with few-shot prompting achieved the highest mean
score (3.6), showing strong structure and clarity (SA=4; CL=5). Llama 2 followed
with stable mid-range scores (mean=3.2-3.4). Gemma produced the weakest but most
consistent outputs (mean =~ 2.9; SD=0.4). Phi-3 Mini showed high fidelity and con-
ciseness (FI =~ 4; CN=4-5) but low structure (SA=1-2) and high variability. Across
prompting strategies, few-shot and chain-of-thought improved structure and clarity,
whereas constraint-based prompting offered limited gains. Most models scored highest
in clarity (CL=4-5) and completeness (CO=4) but lagged with fidelity and conciseness
(FI, CN=2-3).

Answer to RQ3: LLMs produced moderate-quality specification, with Llama 3
and Mistral performing best; model and prompt choice strongly influenced output
quality.

5.4 Discussion

Lightweight LLMs show promising potential for analysing user feedback in RE.
Although more efficient and transparent than larger models, they are not yet suitable
for reliable industrial use without further customization.
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Table 8 LLM performance on requirement specification (RQ3). SA — Structure; CO — Compl.; FI
— Fidelity; CN — Conciseness; CL — Clarity. Scores are on a 1-5 scale (higher = better). Bold
indicates the best overall performance across all models and prompt strategies, based on the
highest Mean score (averaged over the five criteria) and the lowest SD.

Model Prompt Strategy | SA (1-5) | CO (1-5) | FI (1-5) | CN (1-5) | CL (1-5) | Mean | SD
Zero-Shot 3 4 3 3 4 34 | 049
Few-Shot 3 4 3 2 4 32 10.75
Llama 2 Chain-of-Thought 3 4 3 2 4 3.2 | 0.7
Constraint-based 3 4 3 2 4 3.2 0.75
Role-based 3 4 3 2 4 3.2 | 0.75
Zero-Shot 3 4 3 2 4 3.2 | 0.75
Few-Shot 3 4 3 2 4 3.2 0.75
Llama 3 Chain-of-Thought 4 4 3 2 5 3.6 | 1.02
Constraint-based 3 4 3 2 4 3.2 | 0.75
Role-based 3 4 3 2 4 3.2 0.75
Zero-Shot 3 3 3 2 4 3.0 0.63
Few-Shot 4 4 3 2 5 3.6 | 1.02
Mistral Chain-of-Thought 3 4 3 2 4 3.2 | 0.75
Constraint-based 3 4 3 2 4 3.2 | 0.75
Role-based 3 4 3 2 4 3.2 | 0.75
Zero-Shot 2 3 3 3 3 2.8 10.40
Few-Shot 3 3 3 2 4 3.0 | 0.63
Gemma Chain-of-Thought 3 3 3 2 4 3.0 |0.63
Constraint-based 2 3 3 2 4 2.8 0.75
Role-based 3 3 3 2 4 3.0 | 0.63
Zero-Shot 1 4 4 4 2 3.0 1.22
Few-Shot 2 4 4 4 3 34 10.89
Phi-3 Mini | Chain-of-Thought 1 3 4 4 3 3.0 |1.10
Constraint-based 1 3 4 5 2 3.0 1.22
Role-based 2 4 3 4 3 3.2 0.75
Average |- 2.6 4.0 3.0 2.3 3.8 3.1 0.8

A) Feedback Classification. In feedback classification, Llama 3 and Mistral
achieved F1l-scores around 0.74 for identifying user request types. This shows that
lightweight models can reliably detect explicit requests such as feature suggestions
or bug reports. Their performance in NFR classification was weaker, with the best
F1-score reaching 0.55. This result aligns with prior studies where models also strug-
gled to capture implicit qualities like usability or reliability [57]. The limitation likely
stems from two factors. Lightweight LLMs find it difficult to interpret subtle, context-
dependent expressions. They also lack sufficient exposure to RE-specific terminology
and training data. Structured prompting with few-shot or reasoning examples led to
only minor improvements. These findings suggest that contextual examples and rea-
soning cues can enhance understanding. However, overall accuracy remains moderate.
In practice, this may produce noisy classifications that mislead analysts. As a result,
important feedback can be missed, while irrelevant comments may be misclassified as
critical requirements.

B) Requirements Specification Generation. Lightweight LLMs produced
requirement specification that were generally clear, coherent, and complete. They
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expressed user feedback readably but often failed to follow formal structures. Their
outputs were sometimes verbose and required editing for conciseness and compli-
ance with standards. Although the generated text was fluent, the models occasionally
fabricated requirements, adding information absent from the original feedback. As a
result, the content appeared plausible but not always accurate or grounded. In prac-
tice, these limitations mean lightweight LLMs can assist analysts by drafting initial
requirement statements or summarising feedback. However, they still require human
review to ensure accuracy and proper structure. With further refinement and adap-
tation, they could serve as drafting and documentation aids rather than autonomous
specification generators.

C) Implications for Requirements Engineering. Lightweight LLMs can support
RE tasks such as feedback filtering, classification, and initial specification drafting.
However, they cannot yet replace human analysts. Their moderate precision and recall
make them unreliable for use without supervision. These weaknesses may lead to
missed insights or false positives that increase review effort. The generated outputs
are clear and coherent but often lack factual grounding and formal consistency. This
limits their value for downstream RE tasks, e.g., validation, and traceability. In several
tasks, their performance is similar to earlier ML approaches [8, 57]. Larger models
alone do not guarantee better outcomes in RE. Future work should adapt models to
RE contexts using prompt design, fine-tuning, and retrieval-based approaches. These
methods can improve accuracy and help lightweight LLMs better support early RE
tasks.

5.5 Threats to Validity

Internal Validity. The main threat lies in the manual evaluation of generated
requirement specification by a single evaluator, without validating its reliability. This
introduces potential subjectivity. To mitigate this, we applied a systematic rubric with
clear criteria and examples of both high- and low-quality specification. The rubric was
used consistently across all outputs. In addition, prompts and model parameters were
standardised to ensure uniform conditions.

External Validity. We used two publicly available datasets from different domains
to reduce domain bias. Their diverse vocabulary helps generalisability, though an app
review represents only one feedback type. Results may not generalise to industrial
datasets or other contexts such as issue trackers. Moreover, the study focused on
lightweight LLMs; larger models may yield different results.

Construct Validity. We employed standard precision, recall, and F1-score metrics
for classification and a rubric assessing completeness, consistency, and correctness
for generation. As qualitative evaluation relied on one evaluator, some interpretation
bias may persist. Prompt phrasing may also influence results; this was mitigated by
systematically applying established prompting strategies.

Conclusion Validity. All models were tested under identical settings and prompts.
However, the limited sample size for specification generation lowers statistical power,
and no inferential tests were applied, making results exploratory. While precision and
recall were key metrics, tasks may favour one over the other, and F1 may not always be
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optimal [63]. Our aim was to assess overall practical effectiveness rather than examine
differences across RE-specific tasks.

6 Study II: Requirements Across Project Artefacts

In the second study, we investigate whether frontier LLMs can support requirements
traceability across heterogeneous software project artefacts. Unlike the controlled
experiment presented in Study I (Sect. 5), Study II is designed as an exploratory
industrial case study based on observations from a research visit at Huawei Research
Centre. We evaluate two frontier LLMs on two complementary RE tasks: traceabil-
ity link identification and traceability explanation generation [1]. We first introduce
the industrial study context, followed by the empirical study design, experimental
findings, and their implications for RE practice.

6.1 Industrial Study Context

Our second study focuses on analysing requirements-related information distributed
across software project artefacts. Specifically, we consider project goals'®, GitHub
tracking issues'!, and Zulip messages'? from the Rust open-source ecosystem®. These
artefacts capture project objectives, implementation activities, technical decisions,
and project evolution. As requirements-related information is distributed across mul-
tiple artefacts, reconstructing requirement evolution is labour-intensive, motivating
automated support for traceability and rationale analysis.

A project goal defines a high-level development objective, its motivation, and
expected outcomes. A tracking issue describes the implementation of a project goal,
including implementation tasks, milestones, dependencies, and progress updates. A
Zulip message captures developer discussions on project goals or tracking issues,
including technical reasoning, design decisions, and implementation details. A trace-
ability link links a project goal or tracking issue with a related Zulip message describing
the same development objective or implementation activity.

The study evaluates two RE tasks. The first, traceability link identification,
identifies Zulip messages related to a given project goal or tracking issue. The sec-
ond, traceability explanation gemeration, produces an evidence-grounded explanation
describing the identified traceability link and its supporting evidence.

For example, consider the project goal “Improve compiler support for Rust-for-
Linux by stabilizing the required language features.” A related Zulip message states:
“The remaining compiler changes have been merged, and Rust-for-Linux now builds
successfully on nightly.” The first task identifies the message as related to the project
goal. The second generates the explanation: “The message provides evidence that
the remaining compiler changes have been completed, demonstrating implementation
progress towards the Rust-for-Linuxz compiler support goal.”
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6.2 Empirical Study Design

This study evaluates the ability of frontier LLMs to identify traceability links across
heterogeneous software project artefacts and generate evidence-grounded explana-
tions. Unlike Study I (see Sect. 5), it adopts an industrial case study to evaluate
readily available frontier LLMs in a realistic setting.

6.2.1 Research Questions

The goal of this study is to evaluate LLMs in supporting traceability analysis across
distributed software project artefacts. We specifically focus on two research questions:

® RQ4: How well do LLMs identify traceability links across project artefacts?
® RQ5: How well do LLMs generate traceability explanations?

In RQ4, we assess the ability of LLMs to identify traceability links between Rust
Project Goals or GitHub tracking issues and related Zulip discussions. RQ5 evalu-
ates the quality of the explanations generated for the identified traceability links. All
generated links and explanations are manually evaluated using predefined assessment
criteria (see Sect. 6.2.4). For RQ4, retrieved links are validated by human assessors
and analysed using Precision@N and NDCG@N. For RQ5 explanations are assessed
through human judgment based on predefined quality criteria.

6.2.2 Dataset

We collected a new dataset from the Rust open-source ecosystem to evaluate traceabil-
ity identification and explanation generation across software project artefacts?. The
Rust ecosystem was selected because our industrial partner actively contributes to its
development, making cross-artefact traceability a practically relevant engineering chal-
lenge. The dataset comprises nine traceability cases from the 2024-2026 Rust Project
Goals initiative'®. The cases were selected to ensure complete traceability scenarios,
diversity of technical domains, and coverage of multiple roadmap years (2024-2026).
Each case comprises a Rust Project Goal, its corresponding GitHub tracking issue'!,
and the associated Zulip discussion'?:

® Project Goals describe strategic objectives, motivations, and expected outcomes.

o GitHub Tracking Issues capture implementation planning, task management,
dependencies, and progress updates.

e Zulip Discussions contain technical reasoning, design decisions, coordination
activities, and implementation details.

We retained only project goals with linked GitHub tracking issues and related
Zulip discussions. The associated Zulip discussions range from 384 to 39,343 messages,
comprising 80,642 messages in total. Table 9 summarises the collected traceability
cases, including their year, topic, description, and the number of associated Zulip
messages. The cases span compiler engineering, tooling, language design, verification,
infrastructure, and project governance. The dataset is available in the replication
package [25].
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Table 9 Overview of the Rust traceability dataset used in Study II. Each traceability case comprises
a Rust Project Goal, its associated GitHub tracking issue, and the corresponding Zulip discussion.
The table reports the project year, topic, description, and the number of associated Zulip messages.

Case | Year | Topic Description No. Msgs
1 2024 | MIR Formality Formal type system model 1,036
2 2024 | Polonius Scalable borrow checker 14,908
3 2024 | Rust for Linux Stable Linux kernel support 1,808
4 2025 | Async Rust Async language improvements 39,343
5 2025 | Parallel Front End Parallel compiler frontend 6,045
6 2025 | StableMIR Stable compiler API 2,982
7 2026 | Build-std Standard library builds 384
8 2026 | Type Documentation | Type system documentation 13,047
9 2026 | User Research User research team 1,089

Total - - - 80,642

6.2.3 Pilot Study

We first conducted a pilot study to assess the feasibility of LLM-based traceability
identification and explanation generation across distributed software project artefacts.
The pilot used two Rust project goals together with their associated GitHub issues
and Zulip discussions. It refined the prompting strategy, artefact selection procedure,
and manual validation protocol for the full study.

We initially evaluated the best-performing lightweight LLMs from Study I (see
Sect. 2), namely Mistral and Llama. Both models performed well on feedback-
driven RE tasks. However, their limited context windows restricted reasoning across
heterogeneous software project artefacts. Local execution was also computationally
demanding. We therefore selected frontier LLMs for the main study.

The pilot confirmed the feasibility of LLM-supported traceability analy-
sis. Evidence-oriented and chain-of-thought prompting produced more technically
grounded explanations than simple retrieval prompts. Finer-grained technical arte-
facts improved retrieval precision. In contrast, retrieving entire discussion threads
introduced contextual noise through semantically related but unsupported discussions.

The pilot also showed that Goal-Zulip and Issue—Zulip retrieval are comple-
mentary tasks with different levels of ambiguity. We therefore evaluated them
separately. Finally, the pilot confirmed the need for manual validation. Plausible-
looking links often required verification against the surrounding discussions and Rust
documentation. These findings informed the design of the full study.

6.2.4 Evaluation Metrics and Criteria

We applied both quantitative and qualitative methods. Retrieval metrics were used for
RQ4, as traceability identification is formulated as a retrieval task. RQ5 was evaluated
through criteria-based assessment using predefined quality attributes.

Evaluation Metrics for Traceability Identification (RQ4).

For RQ4, we evaluate the ability of LLMs to identify traceability links between
Project Goals or GitHub tracking issues and related Zulip discussions. Retrieved
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Table 10 Evaluation criteria and scoring used to assess generated traceability explanations (RQ5).

Criterion Description and Scoring
Description: Evaluates whether the explanation accurately
Correctness justifies the identified traceability link and correctly describes

the relationship between the linked artefacts.

Scoring: Rated on a 1-5 Likert scale, where higher scores indi-
cate greater correctness.

Description: Evaluates whether the explanation is supported
by information contained in the referenced artefacts without
Evidence Grounding introducing unsupported claims.

Scoring: Rated on a 1-5 Likert scale, where higher scores indi-
cate stronger evidence grounding.

links are manually validated by human assessors. We report Precision@5 and Nor-
malized Discounted Cumulative Gain (NDCG@5) [64]. We selected a cutoff of five
because manual validation of retrieved links is time-intensive, while the highest-ranked
candidates are the most relevant in practical traceability analysis. Precision@5 mea-
sures the proportion of validated links among the top five retrieved candidates, while
NDCG@5 evaluates the quality of their ranking. Goal-Zulip and Issue—Zulip retrieval
are evaluated separately. Recall is not reported because no complete ground truth of
traceability links is available for the selected artefacts [64]. This is common in large-
scale information retrieval tasks, where exhaustive identification of all relevant links
is infeasible [24].

Evaluation Criteria for Explanation Generation (RQ5).

For RQ5, traceability explanations are evaluated qualitatively using two criteria: Cor-
rectness and Evidence Grounding. Table 10 summarises the evaluation rubric. Both
criteria assess whether explanations correctly justify the identified traceability links
and are supported by evidence from the referenced project artefacts. Each criterion
is rated on a five-point Likert scale (Table 11) [61]. We report the mean scores across
all validated traceability links.

6.2.5 Experimental Setup and Procedure

We now describe the computational setup, prompting strategies, and evaluation
procedures used to address RQ4 and RQ5.

Computational Setup

We evaluated GPT-5.5 and DeepSeek-R1 using their latest publicly available versions
through the official provider-hosted interfaces. GPT-5.5 was selected as a representa-
tive frontier LLM, whereas DeepSeek-R1 represents a leading open-weight reasoning
model of interest to our industrial partner. Experiments were managed locally on a
MacBook Pro (Apple M2 Pro, 32 GB RAM), while all model inference was performed
on the providers’ infrastructure.
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Table 11 Interpretation of the five-point Likert scale used to evaluate explanation quality.
Score | Correctness Evidence Grounding
1 Explanation is incorrect, misleading, or | Evidence is missing, irrelevant, or does

contradicts the referenced artefacts.

not support the identified traceability
link.

2 Explanation contains major inaccura- | Evidence is weak, vague, or only loosely
cies or unsupported reasoning. related to the identified link.

3 Explanation is partially correct but | Evidence is partially relevant but pro-
incomplete or insufficiently justified. vides only limited support for the iden-

tified link.

4 Explanation is mostly accurate and | Evidence is relevant and provides ade-
clearly describes the relationship | quate support for the identified link.
between the artefacts.

5 Explanation is accurate, precise, and | Evidence is highly relevant, specific,

fully consistent with the referenced
artefacts.

verifiable, and fully supports the iden-
tified link.

Unlike Study I (Sect. 5), each experimental configuration was executed once. As
this study aims to evaluate practical capability rather than performance variability,
repeated executions were not required. The experimental design comprised 72 execu-
tions, covering all combinations of two frontier LLMs, two prompting strategies, two
document types, and nine project topics. Response times ranged from approximately
30 seconds to 2 minutes per query, supporting interactive traceability analysis.

Prompting Strategies

We adopted two prompting strategies introduced in Section 2: zero-shot prompting
and chain-of-thought (CoT) prompting. These strategies were selected because they
provide two complementary reasoning settings while keeping the prompting design
simple. Zero-shot prompting serves as a baseline, whereas CoT explicitly supports the
multi-step reasoning required for traceability analysis. More complex strategies (e.g.,
few-shot or role-based prompting) were intentionally excluded to avoid introducing
additional prompt-specific effects, as the objective of this study was to evaluate the
reasoning capabilities of frontier LLMs rather than optimise prompt design.

Prompt development followed an iterative process during the pilot study. A small
subset of project artefacts, excluded from the final evaluation, was used to refine
task instructions, reduce ambiguities, and improve evidence grounding. The prompts
were revised until they produced consistent outputs across both evaluated models.
Once finalised, they remained unchanged throughout the experiment to ensure a fair
comparison. Table 12 presents simplified examples of the zero-shot and CoT prompts.
The complete prompt templates are available in the replication package [25].

Fvaluation Procedures

We applied quantitative evaluation for traceability identification (RQ4) and qualita-
tive evaluation for explanation generation (RQ5).
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Table 12 Prompting strategies and simplified examples used in the study.

Prompting Strategy Simplified Example

Zero-shot Identify the most relevant Zulip discussion fragments related
to the following Rust project goal. Return the top-5 candi-
date links together with a short explanation.
Chain-of-thought Analyse the following Rust project goal and Zulip discussion
fragments step by step. Explain why the artefacts may be
related, identify supporting evidence, and return the top-5
most relevant traceability links with explanations.

Evaluation Procedure for Traceability Identification (RQ4). For each Project Goal or
GitHub tracking issue, we provided the corresponding candidate Zulip discussions to
the LLM. Under each prompting strategy, the model identified and ranked the five
most relevant discussion fragments, extracted supporting evidence, and generated a
short explanation for each identified link. Retrieved links were manually validated
using predefined assessment guidelines. A traceability link was considered valid when
the linked artefacts referred to the same project objective, implementation activity,
technical concern, dependency, or design discussion. Precision@5 and NDCG@Q5 were
then computed from the validated rankings.

Evaluation Procedure for Explanation Generation (RQ5). For RQ5, we manually
evaluated the explanations associated with the validated traceability links using the
criteria described in Sect. 5.2.3. Correctness and Evidence Grounding were assessed
independently for each explanation using a five-point Likert scale. We report the
mean and median scores across all validated traceability links.

To assess the reliability of the manual evaluation, a second author independently
reviewed a randomly selected 10% subset of the evaluated cases. Cohen’s Kappa
reached 0.83 for traceability link validation [64], indicating almost perfect agreement,
whereas Quadratic Weighted Cohen’s Kappa reached 0.71 for explanation quality
ratings, indicating substantial agreement [65].

6.3 Results

RQ4: How well do LLMs identify traceability links across project artefacts?
To answer RQ4, we evaluated how well frontier LLMs identify traceability links
between project goals, GitHub tracking issues, and Zulip discussions under two
prompting strategies: zero-shot and chain-of-thought. Table 13 reports Precision@5
(P@5) and Normalized Discounted Cumulative Gain (NDCG@5) for Goal-Zulip and
Issue—Zulip traceability link identification, with the best results highlighted in bold.
For Goal-Zulip traceability link identification, chain-of-thought prompting consis-
tently improved performance. The average P@5 increased from 0.59 to 0.73, while
the average NDCG@5 increased from 0.87 to 0.90. ChatGPT achieved the high-
est NDCG@5 (0.94), whereas both models achieved the highest P@5 (0.73) under
chain-of-thought prompting. For Issue-Zulip traceability link identification, ChatGPT
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consistently outperformed DeepSeek. Under chain-of-thought prompting, it achieved
the highest P@5 (0.91) and NDCG@5 (0.98). In contrast, DeepSeek performed
best under zero-shot prompting, with performance decreasing under chain-of-thought
prompting. Overall, the models performed better on Issue—Zulip than Goal—Zulip
traceability link identification, achieving a higher average P@5 (0.77 versus 0.73).

Answer to RQ4: Frontier LLMs achieved moderate-to-high performance for
traceability link identification. Chain-of-thought prompting improved Goal—Zulip
links, while ChatGPT performed best overall (P@5=0.91, NDCG@5=0.98).

Table 13 Performance of frontier LLMs on traceability link identification (RQ4). P@5 and
NDCG@5 are reported for Goal-Zulip and Issue—Zulip links under zero-shot and chain-of-thought
prompting. Best results are shown in bold.

Goal—Zulip Link Issue—Zulip Link
Model Zero-Shot Chain-of-Thought Zero-Shot Chain-of-Thought
P@5 | NDCG@5 | P@5 | NDCG@5 | P@5 | NDCG@5 | P@5 | NDCG@5
ChatGPT | 0.64 0.94 0.73 0.91 0.78 0.94 0.91 0.98
DeepSeek | 0.53 0.80 0.73 0.89 0.67 0.94 0.62 0.89
Average | 0.59 0.87 0.73 0.90 0.73 0.94 0.77 0.94

RQ5: How well do LLMs generate traceability explanations?

To answer RQ5, each model was evaluated on two criteria: correctness (CR) and
evidence grounding (EG), as defined in Table 10. Table 14 reports results across
models, prompting strategies, and traceability link types. Overall, the models pro-
duced high-quality traceability explanations. Mean scores ranged from 3.94 to 4.35,
with average scores of 4.15 for Goal-Zulip explanations and 4.21 for Issue—Zulip
explanations. DeepSeek with chain-of-thought prompting achieved the highest mean
score for Goal-Zulip explanations (4.27), showing strong correctness and evidence
grounding (CR=4.21; EG=4.33), while ChatGPT achieved the highest correctness
score (CR=4.23). ChatGPT with zero-shot prompting achieved the highest mean
score for Issue-Zulip explanations (4.35), demonstrating the best correctness and
evidence grounding (CR=4.35; EG=4.34). Across prompting strategies, chain-of-
thought prompting improved Goal—-Zulip explanation quality for both models, whereas
DeepSeek showed only modest improvements for Issue—Zulip explanations. Overall,
Issue—Zulip explanations received slightly higher scores than Goal-Zulip explanations.

Answer to RQ5: Frontier LLMs produced high-quality traceability explana-
tions. Chain-of-thought prompting improved Goal—Zulip explanations; ChatGPT
achieved the best performance for Issue-Zulip explanations (Mean = 4.35).
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Table 14 Performance of frontier LLMs on traceability explanation generation (RQ5). CR —
Correctness; EG — Evidence Grounding. Scores are on a 1-5 scale (higher = better). Mean denotes
the average of CR and EG. Bold indicates the best score for each evaluation criterion.

Goal-Zuli I —Zuli
Model Prompt Strategy oaauip ssue—funb
CR (1-5) | EG (1-5) | Mean | CR (1-5) | EG (1-5) | Mean
- . . .94 4.35 4.34 4.35
ChatGPT Zero. Shot 3.89 3.99 3.9
Chain-of-Thought 4.23 4.18 4.21 4.09 4.12 4.11
Zero-Shot 4.14 4.19 4.17 4.17 4.15 4.16
DeepSeek -
Chain-of-Thought 4.21 4.33 4.27 4.23 4.20 4.22
Average | — 4.12 4.17 4.15 4.21 4.20 4.21

6.4 Discussion

Frontier LLMs show promising potential for supporting requirements traceabil-
ity across software project artefacts. Although they identify traceability links and
generate explanations, human verification remains necessary for reliable industrial use.
A) Traceability Link Identification. Frontier LLMs achieved moderate-to-high
performance in identifying traceability links. Performance was consistently higher for
Issue—Zulip than Goal-Zulip links. This is expected because roadmap goals describe
high-level strategic objectives, whereas GitHub issues refine these objectives into con-
crete implementation tasks. Zulip discussions typically focus on these implementation
activities, making Issue—Zulip links semantically more direct. In contrast, Goal-Zulip
links span different levels of abstraction and therefore require greater semantic reason-
ing. Chain-of-thought prompting particularly improved Goal-Zulip link identification,
indicating that explicit reasoning helps bridge the gap between strategic objectives and
implementation discussions. These findings suggest that frontier LLMs can reduce the
effort of recovering traceability links across heterogeneous software project artefacts.
Nevertheless, human verification remains necessary when traceability information
supports downstream activities such as impact analysis or release planning.

B) Traceability Explanation Generation. Frontier LLMs generated explana-
tions that were generally correct and evidence-grounded. They successfully explained
why project artefacts were related and summarized the underlying design rationale.
Goal-Zulip explanations benefited more from chain-of-thought prompting than Issue—
Zulip explanations. This is expected as project goals capture high-level objectives,
while the supporting evidence is distributed across multiple implementation discus-
sions. Explaining these relationships therefore requires reasoning across different levels
of abstraction. In contrast, GitHub issues and Zulip discussions are semantically
closer and typically provide sufficient contextual evidence without additional rea-
soning. Automatically generated explanations can help developers understand why
project artefacts are related and provide useful context during repository exploration.
However, they should be treated as supporting evidence rather than authoritative
rationale, particularly when decisions depend on interpretation of project history.

C) Implications for Requirements Engineering. Frontier LLMs achieved suffi-
cient performance to support requirements traceability across heterogeneous software
project artefacts. Both traceability identification and explanation generation can
help practitioners reconstruct relationships between strategic project goals, GitHub
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issues, and developer discussions with substantially less manual effort. This can
improve design rationale understanding, requirements impact analysis, and developer
onboarding. The results also highlight an important trade-off for industrial adoption.
Frontier LLMs rely on commercial providers, raising concerns about vendor lock-in,
privacy, and operational costs. However, our pilot study found that current off-the-
shelf lightweight LLMs are not yet practical. Their limited context windows and slow
local execution hinder analysis of large software repositories. Moreover, requirements
traceability is only one of many RE activities. Organisations are therefore unlikely
to customise and maintain lightweight LLMs solely for this task. General-purpose
frontier LLMs that support multiple RE/SE activities may currently offer the more
practical solution. Nevertheless, frontier LLMs should augment rather than replace
engineers. Incorrect traceability links or explanations may otherwise propagate errors
to engineering activities such as requirements impact analysis and release planning.

6.5 Threats to Validity

Internal Validity. The main threat lies in the manual validation of traceability links
and explanation quality. Assessing whether a retrieved discussion genuinely supports
a project goal or issue often requires interpretation of technical context and Rust-
specific concepts. To mitigate this threat, we applied predefined validation criteria
and evaluation guidelines throughout the study. A second evaluator independently
assessed a randomly selected subset of the results. Substantial inter-rater agreement
supported the reliability of the manual evaluation. When ambiguities arose, official
Rust documentation and tutorials were consulted. Nevertheless, some interpretation
bias may remain.

External Validity. A threat to external validity concerns the generalisability of the
results. The study was conducted using a single case study based on the Rust ecosys-
tem. The project was selected because it provides a rare combination of publicly
available project goals, tracking issues, and developer discussions, enabling transpar-
ent and reproducible evaluation. Comparable industrial datasets are rarely publicly
available due to confidentiality constraints. While Rust is a large and industrially
relevant open-source project, it represents only one development context. Other open-
source or industrial projects may follow different development practices and rely on
different artefacts. We do not claim direct generalisability. Rather, the goal of this
study is to provide an in-depth illustration of applying LLM-supported traceability
analysis in a realistic open-source setting.

Construct Validity. Another threat concerns whether the applied measures ade-
quately capture the intended requirements engineering constructs. Concepts such as
traceability links, rationale, dependencies, and explanation quality originate from
established requirements engineering and traceability research, whereas the analysed
artefacts are informal and community-driven. As a result, some relationships may only
partially reflect these constructs or oversimplify them. To mitigate this threat, we
grounded the evaluation criteria in established traceability and information-retrieval
measures, and assessed explanation quality using predefined dimensions of correctness
and evidence grounding. Nevertheless, some constructs may remain underspecified
due to the informal nature of the source artefacts.
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Conclusion Validity. A threat to conclusion validity concerns the strength and
reliability of the conclusions. The study does not aim to establish causal relationships
or benchmark model performance. Instead, it reports observations from applying off-
the-shelf LLMs in a realistic open-source software setting. The number of analysed
artefacts is limited by the effort required for manual validation. Furthermore, no
complete ground truth exists for the selected artefacts. These factors restrict the
strength of the conclusions. The findings should therefore be interpreted as exploratory
insights into the practical usefulness of LLM-supported traceability analysis rather
than definitive evidence of effectiveness.

7 Cross-study Discussion

Although the two studies investigated different RE activities, artefacts, models, and
evaluation settings, they provide complementary evidence on the capabilities and lim-
itations of LLMs for RE. This section synthesises the findings and discusses their
broader implications for RE research and practice.

7.1 Cross-Task Perspective on LLM Performance in RE

The two empirical studies provide a broader perspective on LLM capabilities across
five complementary RE activities: requirements classification, requirements specifi-
cation, traceability identification, and traceability explanation generation. Table 15
synthesises the empirical findings by summarising the best-performing model, prompt-
ing strategy, and overall performance achieved for each RE task. The synthesis shows
that no single model or prompting strategy consistently achieved the best performance
across all RE activities. Instead, LLM effectiveness was strongly task-dependent, with
different models proving more suitable for different RE tasks. Performance ranged
from moderate to high depending on the reasoning demands, artefact characteristics,
and expected outputs of the target activity. Accordingly, the findings should be inter-
preted as evidence of the practical readiness of current LLMs for supporting specific
RE activities rather than as a ranking of models or prompting strategies. From an
RE perspective, these findings suggest that RE/SE practitioners should adopt LLMs
selectively rather than uniformly across the requirements lifecycle. Model selection
should be guided by the characteristics and reasoning demands of the target RE task
rather than by overall model rankings. Human expertise nevertheless remains essential
wherever engineering judgement and validation are required.

7.2 Prompting Matters, but Depends on the RE Task

Across both studies, prompting strategy consistently influenced LLM performance,
although the most effective strategy varied according between RE activities. As
summarised in Table 15, Chain-of-Thought prompting generally benefited reasoning-
intensive tasks, including NFR classification, traceability identification, and trace-
ability explanation generation. In contrast, few-shot prompting proved most effective
for user request classification by providing representative examples that reduced
ambiguity. These findings suggest that prompt engineering should be viewed as RE
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Table 15 Cross-task empirical understanding of LLM performance across Requirements
Engineering (RE) activities.

RE Task Best Model Best Prompt Performance
NFR Classification Gemma Chain-of-Thought Moderate
User Request Classification | Llama 3 Few-shot High
Requirements Specification | Llama 3 / Mistral | CoT / Few-shot Moderate
Traceability Identification GPT-5.5 Chain-of-Thought High
Traceability Explanation GPT-5.5 Chain-of-Thought | Moderate-High

task-specific rather than universally applicable. Consequently, prompting strategies
should be selected according to the reasoning demands and expected outputs of the
target RE task rather than applied uniformly across the RE lifecycle.

7.3 Human Oversight Remains Essential

Although both studies demonstrate the potential of LLMs to support multiple RE
activities, they also show that human oversight remains essential. The level of super-
vision required, however, depends on the complexity of the target RE task. Tasks
involving relatively well-defined decisions, such as user request classification and
traceability identification, generally produced reliable outputs that can reduce man-
ual effort, although verification remains necessary. In contrast, tasks requiring more
complex reasoning, synthesising information across multiple artefacts, or generating
requirements-related artefacts were more susceptible to unsupported, incomplete, or
insufficiently grounded outputs. These differences can largely be explained by the rea-
soning demands of individual RE activities. As tasks require synthesising information
across multiple artefacts, preserving semantic consistency, or generating new textual
artefacts, the likelihood of grounding and consistency issues increases. Consequently,
LLMs should be viewed as decision-support tools that augment rather than replace
RE practitioners.

7.4 Practical Implications for Requirements Engineering

The findings have several practical implications for RE practice. First, LLM adoption
should be driven by the characteristics and reasoning demands of the target RE task
rather than by model popularity or benchmark rankings. Lightweight open-source
models performed well on short-context tasks, such as analysing user feedback. They
also offer advantages in local deployment, reproducibility, and computational effi-
ciency. However, our pilot experimentation showed that these models were impractical
for traceability analysis across heterogeneous software project artefacts because of
their limited context windows, weaker reasoning capabilities, and substantially longer
execution times. Consequently, frontier models were adopted for Study II to sup-
port reasoning across long and heterogeneous artefacts. Second, model selection and
prompt design should be considered jointly. Although prompting consistently influ-
enced performance, the most effective strategy depended on the reasoning demands of
the target RE task rather than on the model alone. Finally, LLM outputs should be
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treated as decision-support artefacts rather than final engineering products, regardless
of the model family. Requirements classifications, traceability links, generated speci-
fications, and explanations should all be validated before being incorporated into SE
practice. Overall, our findings indicate that the successful adoption of LLMs in RE
depends less on identifying a universally superior model than on selecting models and
prompting strategies that match the characteristics and reasoning demands of the
target RE task.

7.5 Future Research Directions

The cross-task perspective presented in this work also highlights several opportu-
nities for future research. First, improving factual grounding remains an important
challenge, particularly for requirements specification generation and other generation-
oriented RE activities. Second, future work should investigate hybrid approaches
combining prompting with retrieval-augmented generation, repository-aware retrieval,
or fine-tuning on RE-specific corpora to improve factual consistency and domain adap-
tation. More broadly, evaluating LLMs across multiple RE activities using common
datasets, evaluation protocols, and replication packages would support more system-
atic cross-task comparisons and strengthen cumulative empirical evidence on the role
of LLMs throughout the RE lifecycle. Rather than evaluating individual RE tasks
in isolation, future studies should increasingly investigate how LLMs support com-
plementary activities across the RE lifecycle. Future studies should therefore move
beyond evaluating individual RE tasks in isolation and instead investigate how LLMs
support complementary activities across the RE lifecycle.

8 Conclusion

Requirements-related information is increasingly distributed across heterogeneous
software project artefacts, making many RE activities labour-intensive and difficult to
scale. Large LLMs offer new opportunities to support these activities [43]. This paper
addressed the fragmented empirical evidence on LLMs for RE through the first cross-
task empirical evaluation spanning five representative RE activities. By integrating
evidence from two complementary empirical studies, it provides a broader perspective
on the capabilities and limitations of current LLMs across different RE contexts.

The findings demonstrate that LLM effectiveness is strongly RE task-dependent.
Current LLMs can effectively support several RE activities, but their performance
depends on the reasoning demands of the target task, the characteristics of the
analysed artefacts, and the required outputs. Rather than identifying a universally
superior model or prompting strategy, the results show that successful LLM adoption
requires selecting models and prompts that are appropriate for the specific RE activ-
ity. Human expertise nevertheless remains essential wherever engineering judgement,
factual grounding, and validation are required.

Beyond the individual empirical studies, this work contributes cumulative evidence
on the practical readiness of current LLMs for RE. It demonstrates the value of evalu-
ating LLMs across complementary RE activities rather than in isolation, providing a
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broader understanding of where these models are already effective and where impor-
tant limitations remain. This cross-task perspective also offers practical guidance for
RE/SE practitioners seeking to integrate LLMs into their engineering workflows.
Finally, the released replication package, including datasets, prompts, scripts, and
experimental materials, supports transparency and reproducibility [25]. We hope this
work encourages future empirical studies spanning multiple RE activities, enabling a
more cumulative understanding of the role of LLMs throughout the RE lifecycle.

Supplementary information. A replication package containing the datasets,
prompts, scripts, and experimental materials is provided as supplementary material
for peer review [25].
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