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ABSTRACT

Large language models (LLMs]) have become increasingly popular in automating language-
dependent software engineering activities, especially in Requirements Engineering (RE),
because they are inherently language-driven. The increasing popularity of LLMs in software
engineering applications has led to a lack of clarity and understanding regarding the use
of Explainability within LLM-based RE solutions. There is no existing literature summarizing
their technigues, assessment methodologies, issues, or future research directions. This
systematic review aims to explore the state-of-the-art techniques, methodologies, and
challenges related to using Explainability in LLMs for RE applications. The study followed
PRISMA guidelines to identify works published between 2818 and 2826 from seven
databases, including Springer, ScienceDirect, IEEE Xplore, ACM Digital Library, Wiley, arXiv,
and Google Scholar. This survey considered and synthesized 57 primary sources from
a total of 487 records. The most investigated areas where LLMs are applicable in RE
processes include elicitation, ambiguity detection, and traceability. The approaches used
for explaining the models are mainly based on prompts and post-hoc methods that do not
use any formal approach. In terms of evaluation, task performance-related measures exist,
but neither approach evaluates the quality of explanations provided by LLMs, and there
are no benchmark sets. Challenges related to RE using LLMs include hallucinations, lack
of Explainability, absence of human-centered design approaches, and unresolved ethical
issues. In conclusion, Explainability appears to be treated as an afterthought rather than a
core element in designing LLM-based RE.

Keywords: (Explainability, Explainable Artificial Intelligence [XAl), Large Language Models
(LLMs], Requirements Engineering (RE], Software Engineering (SE]]

1. INTRODUCTION

Large Language Models (LLMs]) have emerged as powerful tools that can understand and
generate natural language, giving rise to opportunities for automation in Software Engineer-
ing (SE) activities. Studies show that developers are widely embracing the use of LLMs in
tasks like analyzing software products, documentation, and generating code [1]. Since LLMs
are mainly expressed in natural language and need considerable specialized interpretation
and analysis, they are well-suited for Requirements Engineering (RE] [2].

RE plays a pivotal role in the software development process because ambiguities or bugs
at this stage can cascade to the subsequent phases, leading to expensive project failures.
Conventional RE tasks such as requirements elicitation, analysis, traceability, and validation
are often tedious and reliant on human skills. Recent studies reveal that LLMs have
demonstrated promising results in automating or supporting tasks in areas like requirement
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quality assessment, traceahility analysis, and ambiguity detection [2], [3], [4]. For instance,
LLM-based methodologies have been suggested to improve requirements traceability via
prompt engineering approaches that associate requirements with pertinent development
outputs [3]. Additionally, industrial studies have demonstrated that LLMs can detect and
explain unclear requirements, thereby enabling analysts to improve requirement clarity and
guality [4].

Despite these promising uses, incorporating LLMs into RE raises major concerns about
transparency, reliability, and trust. Many LLM-based models work as complicated black-
box models that hide their core reasoning process, making it difficult for users to interpret.
Stakeholders frequently want correct reasons for automated requirement analysis and
validation decisions, especially in safety-critical and industrial contexts. However, the
restricted interpretability of LLM outputs makes it difficult for practitioners to comprehend
how specific results or recommendations are reached [5]. This difficulty has sparked an
increased interest in integrating Explainable Artificial Intelligence (XAI) methods into LLM-
based software engineering tools [B].

XAl provides interpretable explanations for Machine Learning (ML) models' outputs, thereby
improving their transparency. Explainable methods can be employed in RE to assist analysts
in understanding how the LLMs detect ambiguities, categorize requirements, or determine
traceability relationships. Studies have begun investigating how Explainability can be
utilized in RE tasks [4], [7]. Despite various studies and surveys investigating the broader
application of LLMs in SE and RE, most work has focused on task automation or performance
improvements[8],[9],[18]. The aspect of Explainability in LLM-based RE systems has received
relatively little attention. Existing literature reviews emphasize research avenues for using
LLMs in RE. Still, they do not give a complete examination of how explainability techniques
are integrated into these approaches, or how such techniques affect transparency and
confidence in RE processes[8],[18]. As aresult, there is still a lack of consolidated knowledge
about the role of explainable LLMs in assisting requirements engineering processes.

The gap identified points to the need for a more focused examination of explainable LLMs
within requirements engineering. Existing work has demonstrated the growing use of LLMs
across RE activities. However, less attention has been given to how their outputs are
explained, how those explanations are evaluated, and whether the available approaches
provide sufficient evidence of transparency and trustworthiness. This study, therefare,
conducts a systematic literature review (SLR) of explainable LLMs in RE. Rather than simply
cataloging LLM applications in RE, it examines the explainability problem across RE tasks,
technigues, and evaluation methods. It further synthesizes the findings into a taxonomy of
explainability approaches and a guality-assessment framework for explainable LLM-based
RE. The following research guestions guide the study:

1. What are the existing applications of LLMs in RE?

2. What techniques are used in providing explanations in LLM-based RE?

3. What evaluation methods are used to assess explainable LLM-based approaches in RE?
4. What are the existing challenges in applying explainable LLMs to RE?

5.  Are there research gaps and future directions that can be identified in this domain?

The remaining part of the paper is structured as follows: Section 2 reviews related work on
LLMs, RE, and Explainability. Section 3 describes the research methodology of the review
process. Section 4 presents an analysis of the results, while Section 5 discusses the
findings, challenges, and implications of the study. Lastly, Section B presents the paper's
conclusions and outlines future directions for research.
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2. TERMINOLOGY AND CONCEPTUAL DISTINCTIONS

The literature uses Explainability, interpretability, and transparency with some overlap, and
this review therefore adopts explicit terminology to maintain consistency. Explainability is
used as the overarching concept referring to mechanisms or information that help users
understand or assess why an LLM produces a particular output [11], [12]. Interpretability is the
extent to which humans can understand the model or its outputs. Transparency is related
to the availability of information or evidence about the system and its outputs[13], [14]. XAl
represents the broader field of methods concerned with making Al systems understandable.
Explainable LLMs allude specifically to LLM-based systems that incorporate mechanisms
for supporting the understanding, justification, or verification of their outputs [15]. Finally,
explanation quality refers to the quality of the explanation itself, including properties such
as faithfulness, completeness, consistency, and interpretability [12], [14]. Where primary
studies use these terms differently, their original terminology is retained when reporting
individual findings, while the synthesis uses Explainability as the overarching concept.

3. RELATED WORKS

Several SLRs, systematic mapping exercises, and structured surveys have been conducted
to explore the relationship between LLMs, software RE, and XAl It is essential to examine
these reviews in detail to establish how the current study contributes to existing literature
on this topic. Table 1 provides a comparison of 11 existing SLRs and surveys in terms of their
scope, topic, coverage of LLMs within RE, Explainability, and the gap they leave behind that
the current study addresses.

Hou et al. [9] performed a detailed SLR study on the applications of LLMs, focusing on
main software engineering tasks such as requirements analysis, code summarization, and
program repair. Although it was thorough and rigorous, the study did not focus on software
RE tasks in particular or Explainability as an issue. Similarly, Hemmat et al. [8] carried out a
systematic review focusing explicitly on the application of LLMs in software RE in terms
of elicitation, specification, analysis, and traceability. The survey pointed out instances
where interpretability was considered an issue in LLM-generated outputs in RE processes.
Conversely, it did not conduct a comprehensive analysis of explainability methods, evaluation
measures, or how explanations could be generated, validated, or communicated within RE
workflows.

Zadenoari et al. [18] studied the application of LLMs in RE by performing an analysis that
covered various aspects, including publication trends, RE processes supported by LLMs,
prompts used, and evaluation approaches. Despite identifying issues regarding the rigor of
evaluation, it did not conduct a systematic analysis of XAl approaches within LLM-based
RE systems. Khan et al. [16] performed a complementary SLR on sources that included
literature on LLM techniques used for elicitation, analysis, modeling, validation, specification,
prioritization, and tracing within RE processes. While they discussed interpretability-related
challenges, their study did not capture a systematic review of the explainability techniques
used. Additionally, Cheng et al. [17] identified key trends in generative Al applications in
RE. They acknowledged limited empirical depth and an absence of explainability-focused
analysis.

Another study provided a systematic survey on applying LLMs to improve RE[18]. It explored
the abilities of LLMs in terms of opportunities, such as automated requirements elicitation,
specification generation, and quality improvement, and limitations, like hallucinatory
behavior, domain sensitivity, and insufficient empirical validation in actual industrial
settings. Although the study briefly acknowledged transparency as a desirable property
of LLM outputs, it neither systematically investigated XAl methods nor considered how XAl
methods could be integrated into RE processes. Magableh [19] comes the closest to the
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current study, having conducted an SLR on XAl techniques applied in RE. However, the scope
of the study was restricted to only cross-cutting and aspect-oriented concerns. Its scope
predated the widespread application of LLMs in this domain, and therefore, it did not address
the integration of LLMs into XAl-driven RE processes.

Before large language models (LLMs) emerged, Zhao et al. [28] systematically mapped the
Natural Language Processing for Requirements Engineering (NLP4RE] research landscape. The
authors surveyed the use of Natural Language Processing (NLP) technigues for requirements
engineering (RE) between 1983 and 2819 from 484 articles. In doing so, the study provided
a taxonomy of NLP4RE research, covering over four decades of development in linguistic
analysis activities like defect detection, traceabhility, and requirements classification. This
research preceded the LLM revolution; hence, the question of Explainability remained beyond
its scope.

Another study conducted in 2824 also provided an SLR on NLP in software requirements
engineering [21]. Unlike Zhao et al. [28], the researchers examined the literature published
from 1991 to 26823 across various platforms, including Scopus, IEEE Xplore, ACM Digital Library,
and Clarivate. Although the study recognized the importance of LLMs in RE, it focused on
NLP in general and did not cover XAl.

There have been systematic literature reviews investigating the intersection between
XAl and SE. Specifically, Mohammadkhani et al. [22] carried out an SLR to evaluate the
prevalence of XAl adoption in SE research, known as XAI4SE. They analyzed 24 out of 869
initial studies, and their results revealed that XAl approaches in SE have mainly been utilized
in software maintenance and defect prediction with a particular emphasis on traditional
machine learning rather than complex language models. Significantly, they also noted a clear
gap in standardized evaluation metrics for XAl approaches in SE. On a more comprehensive
scale, Cao et al.[23] reviewed 188 studies across 23 unigue SE activities to classify different
XAl approaches and investigate various evaluation methods. Based on their findings, they
validate that requirements engineering (RE) is one of the least studied phases in SE using
XAl, and most of the literature on XAI4SE mainly revolves around software maintenance. In
both studies, the role of LLMs, or their integration with XAl, within RE workflows was not
specifically addressed.

Table 1: A Summary of Related SLRs

Does it cover | Does it cover The gap addressed by the Studies
LLMs in RE? Explainability? present study
LLMs for all SE tasks Partially No Broad SE scope and no RE- [9]
specific XAl treatment
LLMs in software RE and | Yes No No systematic treatment of [8]
research directions explainability techniques
LLMs for RE tasks Yes No Evaluation gaps identified, but no | [18]
XAl integration analysis
LLM applications in RE Yes No Focuses on RE automation, [18]
activities and Explainability is not

systematically addressed.

advancing RE

but not analyzed

methods are not analyzed

Generative Al in RE Yes No Lacks empirical depth and has no | [17]
XAl-focused analysis
Role of LLMs in Yes Only acknowledged | Not a formal SLR, and XAl [18]

NLP technigues across
RE tasks (NLP4RE)

No (pre-LLM) No

Pre-LLM era with no explainability
or LLM focus

[28]

NLP in SRE 1991-2823
(ML, DL, LLMS]

Partially Only acknowledged
but not analyzed

Broad NLP scope. XAl and LLMs
are not the primary focus

[21]
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Does it cover | Does it cover The gap addressed by the Studies

LLMs in RE? Explainability? present study
XAl for SE tasks No Yes Covers classic ML/SE and does [22]
(ML4SE) not address LLMs and RE
XAl for ML/DL in SE (23 No Yes Covers SE broadly, where LLMs [23]
SE tasks) and RE-specific XAl gaps are

unaddressed

XAl in RE for aspect No Yes Narrow scope. LLM-XAl is not [19]
identification integrated into the RE lifecycle

4. METHODOLOGY

The study adopted a Systematic Literature Review (SLR) approach that was guided by
the PRISMA framework. The goal of this study is to methodically recognize, evaluate,
and synthesize the current research on explainable LLMs in RE. The PRISMA approach
helped structure the review process into well-defined phases that ensured transparency,
reproducibility, and rigor. It also helped minimize bias and provide a detailed overview of
existing studies. Figure 1 is the PRISMA flow diagram showing a summary of the whole
selection process.

Relevant studies were retrieved from major digital libraries, including Springer, ScienceDirect,
IEEE Xplore, ACM Digital Library, Wiley, arXiv, and Google Scholar. The search focused on
literature published between 2818 and 2826 to capture recent developmentsin LLMs and XAl.
The study searched for a combination of keywords associated with LLMs, Explainability, and
RE. Major terms and their synonyms were utilized during the search, and Boolean operators
such as “OR"” and "AND" were used. The adopted search string was as follows:

(“Large language models” or “LLM" or “Generative Al" or "GenXAl") and (“requirements
engineering” or “software requirements” or “requirements elicitation” or “requirements
traceability” or “requirements verification” or “requirements validation” or “requirements
specification” or “reguirements analysis") and (“explainahility” or "explainable Al" or “XAI" or
“interpretability”)

Thereview included studies that focused on SE or RE addressing Explainability, interpretability,
or transparency in large language models. It also included peer-reviewed articles, conference
papers, and high-quality preprints published between 2818 and 2826, as well as studies
published in English.

By contrast, the review excluded studies unrelated to SE or RE and papers that did not have
substantive discussions of LLMs or Explainability. Duplicate studies across databases, short
papers, editorials, tutorials, and non-scholarly articles were also excluded.

The review followed the PRISMA four-phase approach, which started with identification.
Here, the selected databases were used for initial search results. The screening phase was
followed by the review of titles and abstracts to remove irrelevant studies. Thereafter,
eligibility was assessed by reviewing full-text articles against the inclusion and exclusion
criteria. Lastly, the final collection of studies was selected for qualitative synthesis.

To ensure consistency and effective comparison across studies, the review used a
structured data extraction form to collect information from each selected study. The
extracted data included publication details such as author, year, and venue; the research
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focus and objectives; RE tasks addressed; LLM technigues used; explainability methods
applied; key findings and contributions; and identified challenges.

A gualitative synthesis approach was used to analyze the selected studies. The focus was
on finding common themes, patterns, and trends relating to applications of LLMs in RE,
explainability technigues and frameworks, challenges, and emerging research directions.

To assess the strength of the evidence, all 57 included studies were subjected to a
structured guality assessment tailored to the review objectives. Five criteria considered
for quality assessment were research clarity, methodological transparency, evaluation rigor,
Explainability of evidence, and reproducibility. Each criterion was scored as 8 (not satisfied],
1 (partially satisfied), or 2 (fully satisfied), giving a maximum score of 18. Research clarity
covered the definition of objectives or research guestions. Methodological transparency
considered the description of models, RE tasks, data, and experimental procedures.
Evaluation rigor examined the appropriateness and clarity of the evaluation methods.
Explainability evidence considered whether explanation quality was explicitly assessed
through properties such as faithfulness, consistency, completeness, interpretability, or
usefulness, while reproducibility considered the availability of sufficient implementation and
experimental details.

Based on the total scores, studies were classified as high quality (8 - 18), moderate
guality (5 - 7), or low quality (B - 4). The assessment was not used to exclude studies but
to distinguish the strength of the available evidence and identify weaknesses in current
research. This distinction matters because methodological rigor does not necessarily imply
explanatory rigor. A study may demonstrate strong LLM performance on an RE task while
providing little evidence that its explanations are faithful or useful. The resulting quality
scores were therefore incorporated into the synthesis to assess the reliability of observed
trends and identify areas requiring stronger empirical evidence.

Internal validity. The main internal validity concern relates to the risk of bias in the selection
of studies. Although inclusion and exclusion criteria were predefined and consistently
applied, distinguishing studies that focused on Explainability and required RE from those
that peripherally discussed Explainahility involved a subjective judgment. Consequently, a
standardized data extraction form was used to mitigate the effect of such a decision.

Construct validity. The constructs of interest, “explainahility” and “requirements engineering,”
are multidimensional and differently defined in reviewed sources [11], [12], [13]. Reviewed
studies used terms like interpretability and Explainability interchangeably, and the scope of
RE tasks is varied across articles. Although the inclusion criteria attempted to account for
that variation, it led to heterogeneity, which made direct comparative assessments difficult.

External validity. Some of the included studies come from conferences and preprints,
which reflect an early-stage and exploratory field of research. Compared with conference
proceedings, journal articles tend to report more mature findings that have undergone
empirical validation. In addition, many studies utilized controlled academic datasets rather
than datasets gathered from practice. Therefore, their external validity should be considered
with caution.

Conclusion validity. The speed at which LLMs are evolving suggests that conclusions
concerning specific model implementations like GPT-3 and GPT-4 prevailing in the reviewed
literature [18], [17] may quickly become obsolete as a result of the emergence of newer
architectures. The search was conducted with 2826 as a cutoff to include recent findings.
However, the field is evolving faster than traditional SLR cycles can track. Moreover, potential
publication bias resulting in an excessive reporting of positive rather than null or negative
findings may lead to an excessively favorable conclusion about the performance of LLMs
in explaining RE tasks. The inclusion of high-quality preprints was intended to mitigate this
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6. RESULTS

This section presents the findings of the literature review based on the PRISMA framewaork.
The analysis identified recurring patterns, research trends, and gaps in the application and
Explainability of LLMs across RE activities. The research questions were used to organize the
results into major themes. The relevant background literature is integrated with empirical
findings for each subsection using the 57 included studies, accompanied by a summary
table.

Figure 2 presents the publication distribution of the 57 studies included in the review. Studies
published between 2818 and 2822 are grouped into a single category because this period
predates the widespread use of generative LLMs. This time frame also contains relatively few
studies directly addressing explainable LLMs in requirements engineering. The distribution,
therefore, provides a useful view of how quickly research in this area has developed.

Records that were identified after database searching
(Springer, ScienceDirect, IEEE, Wiley, ACM, ArXiv, Google
Scholar]

Duplicates removed
(n=146)

Records remaining after duplicates were removed
[n=341)

Screening of records (titles and abstracts) Title or abstracts
(n=341) Excluded
(n=252)
{ Articles assessed for eligibility in full text

‘ Eligibility }{ Screening }[Identification ’

Full-text excluded

(n=89) (n=32)

Studies that were included in the qualitative synthesis
(n=57)

Included

Figure 2: Distribution of the 57 included studies by publication year

The distribution is strongly concentrated in 2824 - 2826, with more than two-thirds of the
included studies published during this period. This sharp increase reflects the rapid adoption
of generative LLMs in RE and the more recent interest in making their outputs explainable.
At the same time, the concentration of evidence in these years points to a field that is
still relatively young. Many approaches remain exploratory and lack long-term or industrial
validation. Meanwhile, shared benchmarks, mature evaluation protocols, and reproducible
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practices are still developing. The publication trend therefore signals both growing research
activity and the limited maturity of the evidence base.

The quality assessment shows that the evidence base is predominantly moderate in
guality. 38 of the 57 studies (66.7%) were classified as moderate, 13 (22.8%) as high, and
B (18.5%) as low, as shown in Table 2. Thus, although most studies provide a reasonable
methodological basis for synthesis, relatively few meet the threshold for high overall
guality. The predominance of moderate-quality studies indicates that the evidence base
is sufficiently developed to support thematic synthesis. However, it is not yet consistently
rigorous across all dimensions. The distribution also suggests that reported advances in LLM-
based RE should be interpreted with caution when evidence extends from task performance
to claims about Explainability.

Table 2: Quality Distribution of the 57 Included Studies

High 8-10 13 22.8%
Moderate 5-7 38 66.7%
Low B-4 B 18.5%

The criterion-level assessment in Table 3 reveals a more important pattern. Research
clarity was strong, with 55 studies (96.5%]) fully satisfying the criterion, while 42 (73.7%)
demonstrated strong methodological transparency. In contrast, only 15 studies (26.3%] fully
satisfied the evaluation-rigor criterion, and just 13 (22.8%) provided strong explainability
evidence. Reproducibility was weaker, with only three studies (5.3%]) fully satisfying this
criterion, and 44 (77.2%) were only partially reproducible. The gap between methodological
reporting and explainability evidence is particularly notable. It suggests that the field
is generally capable of describing what LLMs are used for and how they are evaluated.
However, it is much less consistent in establishing whether the resulting explanations are
faithful, complete, or otherwise reliable.

Table 3: Criterion-Level Quality Assessment of the Included Studies

Research clarity (RC) 55 (96.5%) 2(3.5%) 0 (8.8%)
Methodological transparency (MT) | 42 (73.7%) 14 (24.6%) 1(1.8%)
Evaluation rigor (ER) 15 (26.3%]) 37 (64.9%]) 5(8.8%)
Explainability evidence (EE) 13 (22.8%) 14 (24.6%) 306 (52.6%)
Reproducibility (R) 3(5.3%) 44 (77.2%) 18 (17.5%)

LLMs have become valuable tools for effecting changes in software engineering processes,
especially those that require natural language processing, such as code generation,
documentation, and defect detection [1], [9], [24]. Studies have confirmed that LLMs can
automate complex cognitive tasks, leading to increased efficiency and reduced development
costs [1], [25]. While LLMs excel at structured and semi-structured operations, their
performance assessment shows inconsistencies in context and reasoning coherence [25].

RE is an ideal use case for LLMs because RE-related operations are language-intensive.
Despite RE being one of the fundamental aspects of software development, its operations are
plagued by consistent challenges associated with natural language ambiguity and variability
[26], [27], [28], [29]. Ambiguous, inconsistent, and incomplete specifications often result
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in budget overruns, schedule delays, and downstream defects [38], [31]. These problems
become even more pressing in dynamic environments such as agile development, since
requirements evolve continuously, requiring rapid and timely validation [32]. Furthermore,
the growing need for automated tools that process huge volumes of requirements has given
rise to the evolution of complex systems [8], [18]. As a result, Al and LLMs have become the
logical choice for supporting efficient RE.

The empirical evidence from the included studies points out that LLMs have been applied to
various RE tasks. The most popular application areais requirements elicitation and generation,
where models can transform unstructured input data, such as stakeholder interviews, user
feedback, and domain documents, into structured output data, such as user stories and
requirement specifications [2], [33], [34]. In addition, domain adaptation techniques, such
as instruction tuning, further improve generation performance [35]. Consequently, manual
effort has been significantly reduced, and consistency has been improved in the early
stages of requirements engineering.

Requirements analysis and quality assurance have also been applied in RE activities, where
LLMs can be used to detect ambiguities, inconsistencies, and incompletenessin requirements
specifications. Studies show that LLMs can recognize even subtle language mistakes and
produce suggested refinements[4],[28]. Also, LLM-based analysis and modeling have further
facilitated the generation of RE artifacts [36]. Requirements prioritization and classification
are RE tasks that include activities like the identification of functional and non-functional
requirements, enabling (Rejithkumar & Anish, 2825; Viet & Vinh, 2824) (Anish, 2825; Viet &
Vinh, 2824).

Requirements traceability and validation are emerging as fast-growing application areas of
LLMs. Studies have proposed techniques such as TraceLLM [3] and semantic API alignment
[38] that improve the process of establishing trace links between requirements and
downstream artifacts, including design models, code, and test cases. Additionally, Ferrari et
al [39] utilized LLMs to transform requirements into structured representations such as UML
sequence diagrams. In terms of validation, Xie et al.[48] presented promising yet inconsistent
findings on the efficiency of LLMs in generating software specifications. Further, Roy et al.
[41] expanded the scope of RE into human-centric dimensions by introducing semi-automatic
technigues for requirements-to-emotion impact mapping.

Table 4: A Summary of Applications of LLMs in RE (RQ1)

RE Application Description Number of

studies
Requirements elicitation/ Converting unstructured inputs (interviews, user feedback] 22 (38.6%])
generation into structured requirements

Ambiguity detection/quality | Identifying vague, inconsistent, or incomplete requirements 3(5.3%)
assurance

Requirements prioritization/ | Ranking and categorizing functional/non-functional require- 3(5.3%)
classification ments

Requirements traceabhility Linking requirements to design artifacts, code, and test cases | 3 (5.3%])

Requirements modeling/ Generating UML diagrams and structured specifications 6(18.5%)
specification

Validation/verification Checking requirements against specifications and standards | 268 (35.1%)

Explainable Artificial Intelligence (XAI] is a concept that was introduced to tackle the
black-box nature of current Al models. Studies have categorized XAl methods into intrinsic
and post-hoc approaches. The intrinsic approach is where the model is interpretable by
design, while the post-hoc approach generates explanations after the prediction [11], [12].
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Subsequent research has expanded the notion of explainable Al to encompass other aspects
of trustworthy Al, including robustness, fairness, and accountability [42], [43], [44], [45]. In
SE workflows, Explainability has been beneficial in offering insights into model behavior,
thus supporting activities like debugging, validation, and decision-making [15], [22], [23].

The practical relevance of XAl has been demonstrated through its domain-specific
applications in SE. Petrillo et al. [46] employed transformer models that had explicit
explainability mechanisms to perform classification for security requirements. Another study
devised a validation framework that combined retrieval-augmented generation (RAG) with
explanation capabilities [47]. These efforts contribute to the recognition of Explainability
as an indispensable element required for deploying Al in dynamic SE contexts. They also
set the stage for investigating how these technigues can be implemented in LLM-based RE
workflows.

The reviewed literature shows that operationalization of Explainability in LLM-based
requirements engineering is mainly based on prompt-based and post-hoc approaches. The
most common approach is prompt-based LLMs used to generate explanations in natural
language alongside their outputs. This enables users to understand the logic behind
the classification, prioritization, and transformation of the requirements [4], [7]. These
kinds of explanations are directly embedded into workflows, allowing technical and non-
technical stakeholders to access them. Bashir et al. [4] carried out an industrial validation
of LLM-assisted ambiguity detection research that was accompanied by natural language
explanations. Similarly, Shah et al. [7] proposed the EQDAT-RE framework that was used for
transparent qualitative data analysis in requirements engineering.

Formal XAl technigues have also been adapted in RE tasks, including classification and
validation, to guarantee explanation correctness. Some of these techniquesinclude attention
visualization, feature attribution, SHAP, and example-based explanations [4B]. In addition,
the inherently transparent nature of retrieval-augmented generation (RAG) has increased
its adoption. This improves traceability and accountability since LLM outputs are grounded
in external knowledge sources [47]. Intrinsic, or built-in, Explainability, where explanation
ability is included in the model, has also been especially applied in hybrid architectures. For
instance, the proposed NICE [37] method was used for the non-functional classification of
requirements, integrating small language models with explicit explanation generation.

Framework-level Explainability is another significant category. Here, the process of eliciting,
modeling, and managing Explainability is explicitly done as a non-functional requirement
[13], [14]. Chazette et al. [13] provided a conceptual framework for Explainability as an RE
artifact. Similarly, Obaidi et al. [48], [49] proposed approaches to automatically generate
explainability requirements from user reviews and through structured elicitation techniques.
New technigques for debugging and interpretable validation of the requirements using LLMs
are also emerging [58].

The cross-tabulation in Table 5 exposes a clear pattern in the current research landscape.
Prompt engineering dominates Explainahility across nearly every RE activity. This makes
it the preferred mechanism for producing more transparent and structured outputs. Its
popularity is understandable since it is simple to implement and integrates naturally with
LLM workflows. However, prompt engineering explains what the model generates more
effectively than why it generates it. As a result, many studies treat well-articulated
responses as evidence of Explainability without establishing whether those explanations
faithfully reflect the model's reasoning.

A different trend emerges in requirements traceability, where retrieval-augmented generation
(RAG]is gaining traction because it grounds responses in external artifacts that stakeholders
caninspect. This improves transparency and supports evidence-based decision-making. Yet,
its use remains largely confined to retrieval-intensive tasks and has seen limited adoption
across the broader RE lifecycle. By contrast, established XAl techniques such as SHAP
and LIME appear only rarely. They are designed for predictive models and do not transfer
easily to generative LLMs, thus leaving a noticeable gap between advances in XAl and their
application to RE.
http://apc.aast.edu
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Perhaps the more important finding is not the choice of explainability technigue but how it
is evaluated. Most studies stop at demonstrating task performance or presenting plausible
natural-language justifications, while objective assessment of explanation guality remains
uncommon. Evidence that explanations improve requirements validation, stakeholder
agreement, or software quality is still limited. This disconnect suggests that Explainability
is advancing faster as a usability feature than as a measurable engineering capability,
highlighting the need for more rigorous and standardized evaluation framewaorks.

Table 6 combines the two most important dimensions of the review. It converts the qualitative
adoption levels in Table 5 into a quantitative cross-tabulation.

Table 5: Distribution of Explainability Techniques

Explainability technique Number of studies n (%)
Prompt engineering 18 (31.6%])
Natural-language rationales 11(19.3%)
Retrieval-augmented generation (RAG) 2(3.5%)
Rule/knowledge-based explanations 6(18.5%)

SHAP 1(1.8%)

LIME 8(0.8%)

Other/formal XAl 19 (33.3%)

Table 6: Cross-Tabulation of Requirements Engineering Phases and Explainability Techniques used in
LLM-Based RE (R02)

Requirements | Prompt Retrieval- Natural Rule / Studies | Identified Gap
Engineering Engineering | Augmented | Language Knowledge-
Phase Generation | (NL) based

(RAG) Rationales Explanation
Requirements | 11 5] B 8 8 2 3 22 Heavily relies on prompt engineering.
Elicitation/ Objective evaluation of explanation
generation quality and stakeholder trust is limited.
Requirements | 3 3] 4] 8 8 4] 3 B Specifications are generated with
Specification/ minimal explainability mechanisms.
modeling Faithfulness of generated

specifications to stakeholder intent
is not formally evaluated. The natural
language outputs are treated as
sufficient evidence of transparency
without verification.

Requirements |1 3] 8 1 8 1 4] 3 No formal XAl method has been
Classification applied to prioritization. Comparative
/ Prioritization evaluation benchmarks and

standardized explanation quality
metrics remain absent.

Requirements |1 1 8 4] 4] 1 4] 3 Explanations for why specific trace
Traceability links are established are rarely
generated or validated. Formal XAl
technigues and the evaluation of
trace explanation fidelity are absent.
RAG-based grounded traceability is
emerging but not yet prominent.

Ambiguity 1 8 1 8 8 5} 1 3 Explanations rely mainly on NL
Detection justifications with little evidence that
they faithfully reflect model reasoning.
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Requirements | 1 4 5} 5} 2 12 20 [58] Provides the most formally
Verification / grounded Explainability through RAG
Validation and rule-based justification trees, but
its scope is narrow. Broader adoption
of RAG-based explainable validation
across RE contexts and empirical
evidence that explanations improve
validation decisions remain limited.
Total 18 n 1 4] 5] 19 57

Evaluating XAl systems involves challenges that go beyond the limitations of evaluating
traditional ML systems. SLRs on XAI4SE indicate a noticeable lack of well-established
evaluation criteria for XAl techniques, which leads to inconsistencies and limits cross-
study benchmarking [22], [23]. The problem is more apparent in the field of RE, where
explanation quality is seen as a sociotechnical aspect that should be evaluated according
to the requirements of different stakeholders and situations [51]. Previous studies on
requirements for Explainability have indicated that evaluation should consider aspects that
include usability, actionability, and trust. These are dimensions that cannot be assessed
using standard performance measures [13], [14], [48].

Mixed use of quantitative, qualitative, and hybrid evaluation strategies is observed in the
analysis of explainable LLMs across the reviewed publications. The quantitative approach
prevails and is used extensively in evaluating requirements in tasks such as classification,
ambiguity detection, and traceability. Recall, accuracy, precision, and Fl-score have been
the commonly utilized performance metrics [3], [4], [24]. Although they lay the groundwork
for comparing various models, these metrics provide very little information about the guality
or usefulness of the generated explanations since they focus only on task correctness and
not on interpretation [52].

Qualitative evaluation techniques are becoming increasingly popular as additional measures.
Explanation qualities like clarity, relevance, interpretability, and trustworthiness can be
assessed using qualitative methods like expert evaluation, user studies, and case-based
analysis [B], [7], [49]. It is also common practice to involve domain experts during the
evaluation of model performance in RE tasks due to their ability to validate explanation
relevance and applicability for decision-making processes [51]. A hybrid evaluation approach
that combines automatic evaluation of model performance and human perception has
emerged, bringing forth a more detailed evaluation interpretation [17], [46].

Table 7: Distribution of Evaluation Methods for Explainable LLM-Based RE (R03)

Technical Basis for
Suitability

Evaluation Metrics or Purpose Studies n Suitability for

Assessing
Explanation
Quality

Type Approach (%)

Quantitative | Accuracy, Measure the 14 (24.6%) | Low Assess task correctness

Precision, predictive only. They do not evaluate
Recall, F1- performance of whether explanations
score the LLM on RE faithfully reflect the model's

tasks reasoning, provide sufficient
evidence, or support
stakeholder understanding.

Qualitative | Expert Assess 38(66.7%) | Moderate Capture interpretability,
Review, User explanation usabhility, and perceived
Studies, Case | clarity, trust. They rely on subjective
Analysis usefulness, and judgment and are difficult

stakeholder
acceptance

to reproduce consistently
across evaluators and
contexts.
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Hybrid Automated Combine 4(7.8%) Moderate -High | Integrate objective task
Metrics guantitative performance with human
plus Human performance assessment of explanation
Judgment measures with quality. They provide a

gualitative more balanced evaluation,
assessment although standardized
protocols remain limited.

Intrinsic Faithfulness, Directly 1(1.8%) High Measure whether

Model Consistency, | evaluate the explanations accurately

Evaluation Completeness | guality of reflect the model's
(and where explanations reasoning, remain stable
applicable, generated by across similar inputs, and
Transparency) | the model provide sufficient evidence

for the generated outputs,
which are the most
appropriate indicators of
explanation quality.

Challenges that have been considered most pressing are reliability and transparency in both
LLM4RE and XAI4SE research. Large language models have been observed to experience
the hallucination problem, where outputs generated are plausible yet not true, even when
they appear to be credible [5], [53]. Although comparative analyses reveal that LLMs can
approach expert-level performance on benchmark tasks, they often fail to meet reliability
and verifiability standards [54]. Additionally, privacy, security, and accountahility limit the
adoption of LLMs in safety-critical systems [5].

This review revealed five major areas of challenge across the literature reviewed. Reliability
and hallucination continue to be the most frequently mentioned challenges. Outputs of large
language models in requirements engineering tasks tend to be inconsistent. They caninclude
errors that may be particular to a specific domain and require further inspection by a domain
expert [48], [53], [65]. The absence of standardization of the explanation process poses
structural challenges to the field. Presently, the explanations are provided in an ad hoc
manner and involve prompt engineering and natural language reasoning processes without
any formal grounding or consistency measures [17], [52], [56]. As a result, it becomes harder
to perform inter-method or inter-model comparisons and evaluate validity.

There is a significant human-centered design gap since RE includes multiple stakeholders
ranging from end users to developers, analysts, and domain experts with different levels of
expertise. Scalability and domain dependence remain obstacles, as models perform poorly
in context-dependent settings and for specific domains [5], [37]. Finally, researchers have
inadequately addressed ethical concerns related to bias, transparency, and accountability,
thus hindering adoption, especially in regulated industries [5], [19], [53].

Table 8: A Summary of Challenges in Explainable LLM-Based RE (R04)

Hallucinations & reliability LLMs generate plausible but incorrect outputs [53], [65], [35]

Lack of Standardized Explainability | Explanations are generated in an ad hoc and inconsistent | [6], [17]
manner without formal frameworks.

Human-centered design gaps Explanations are not tailored to diverse stakeholder | [49], [51]
backgrounds

Evaluation inconsistency No agreed metrics for measuring explanation quality in | [17], [19]
RE

Scalahility and domain dependency | Model performance degrades across domains, leading to | [37], [5]
poor generalization

Privacy, security & ethics Data privacy and ethical use concerns limit adoption [5],[53]
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Across the reviewed studies, five recurring gaps were identified. The first one is the lack
of standardized explainability frameworks [19], [62], [66]. The second class is related to the
development of human-centered explainability design. Explanations do not take into account
various user types and only focus on expert analysts. They do not consider domain experts
and users who engage with requirement artifacts [48], [49], [51]. The third gap pertains to a
need for standard evaluation measures for Explainability in the RE context [39], [56].

The fourth gap relates to existing concerns about reliability, robustness, and trust in
explanation systems [54], [55]. Finally, existing approaches have a narrow scope and fail to
integrate other Al paradigms such as symbolic reasoning and knowledge graphs [B], [58]. At
the same time, the ethical and governance implications of using explainable models are still
a critical area for future interdisciplinary research but remain largely unexplored [5], [53].

Table 9: A summary of research gaps and future directions (RQ5)

Research Gap Description Proposed Future Direction

Lack of Standardized Explainability methods are ad hoc and Develop unified taxonomies and

Frameworks non-reproducible benchmarks for explainable RE

Human-centered Explanations are not adaptive to Design personalized, interactive, and

Explainability diverse stakeholder needs on-demand explanation systems

Evaluation standards There are agreed metrics for Establish standardized evaluation
explanation quality in RE benchmarks for explainable RE

Hallucination mitigation LLMs produce unreliable outputs Integrate human-in-the-loop and formal
without robust verification verification mechanisms

Hybrid Al integration LLMs lack symbolic reasoning and Combine LLMs with knowledge graphs
domain knowledge grounding and symbolic Al methods

Ethical and governance Bias, accountability, and transparency | Develop ethical guidelines and

frameworks concerns are still unresolved governance models for LLM-based RE

tools

This section presents the interpretations and synthesis of the findings of the reviewed
literature across the five research gquestions. It identifies overarching themes that emerge
when the results are viewed together and considers the implications for scholars and
practitioners. It also evaluates the validity threats of the current review. Furthermore, this
discussion provides insights into how the findings point to the current status of the field
and what changes need to be made to advance it.

One of the most important and prevailing issues that emerges out of all five research
guestions is the discrepancy between the capability of LLMs and their interpretability. On
one hand, RO1 shows that LLMs possess great capabhility for addressing various types of
tasks relevant to requirements engineering, which include requirement elicitation [34], [35],
detecting ambhiguities [4], maintaining traceability [3], generating specifications [48], and
modeling [36], [39]. On the other hand, R)2 demonstrates that the existing methods for
explaining LLMs' decisions are mostly prompt-based and post-hoc in nature. As a result,
they lack formal grounding that guarantees that the generated explanations faithfully
represent the internal reasoning process [4], [7]. Such an imbalance has dire consequences:
despite their high capability, LLMs cannot be easily audited, challenged, or verified for the
correctness of their work due to the lack of proper explanation [5], [53].

Generally, the imbalance is characteristic of the relationship between machine learning
models and Explainability. In the XAI4SE literature, Explainability is introduced as an add-on
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rather thana core design criterion for the large language models developed [22],[23]. However,
this poses a problem that cannot be overlooked, since RE documents are contractual and
auditable artifacts that must withstand scrutiny from diverse stakeholders [13], [14], [26].
Therefore, in the future, LLMs should integrate Explainability from the very start.

The common denominator between Research Questions 1and 2 is that the usage of LLMs in
reqguirements engineering has largely been task-oriented and has not leveraged principles-
based approaches. The vast majority of the studies discussed above have been focused on
specific RE tasks, including ambiguity detection [4], generation of traceability links [3], and
requirements classification [24], [37]. They neglected implementing them into consistent RE
frameworks that would cover explanation generation, validation, and communication during
all stages of product development. As a result, the explanations provided by the relevant
tools are still fragmented and non-interoperable. Thus, they pose challenges for evaluating
the overall trustworthiness of an RE process involving several LLM-based applications [52],
[56]

The absence of commonly accepted taxonomies for classifying LLM uses in RE and their
corresponding explainability frameworks exacerbates the fragmentation problem. While
Chazette et al. [13] and Obaidi et al. [48], [49] made considerable efforts to define and
Explainability as a component of RE, these frameworks have not yet been operationalized
within the scope of this paper. The field could benefit greatly from a reference architecture
identifying where and at what level of consistency explainability should be provided for
each particular RE task.

These findings clarify how this review differs from earlier studies. They largely examined
either LLM applications in RE or Explainability in software engineering more broadly. Here,
Explainability is treated as part of the problem itself, not as an additional feature. The
review considers what RE tasks LLMs support, how their outputs are explained, how those
explanations are evaluated, and how much confidence can be placed in the available evidence.
This shifts the focus from simply asking whether LLMs perform RE tasks effectively to
asking whether their outputs are sufficiently understandable and well supported to inform
engineering decisions. These observations provide the foundation for a multidimensional
guality framework that considers explanation quality alongside stakeholder needs and
practical engineering value.

The quality assessment suggests that explainable LLM research in requirements engineering
is progressing, but its maturity is uneven. The most revealing result is not the number of low-
guality studies. It is the gap between methodological rigor and evidence of Explainahility.
Although many studies clearly define their objectives and report reasonable experimental
procedures, only 13 of the 57 studies (22.8%] provide strong evidence that their explanations
are faithful, complete, or otherwise meaningful. More than half (52.6%) offer no explicit
evaluation of explanation quality. This reinforces a broader pattern observed throughout the
review. The field has become increasingly effective at demaonstrating what LLMs can do for
RE, yet remains much less consistent in showing why their outputs should be trusted.

A similar pattern emerges in reproducibility. While 44 studies (77.2%) provide some
implementation details, only three satisfy the reproducibility criterion in full. This is more
than a reporting issue. In LLM-based RE, seemingly minor changes in model versions,
prompts, retrieval configurations, or generation settings can produce different outcomes.
Without sufficient experimental detail, it becomes difficult to determine whether reported
improvements reflect genuine methodological advances or simply different implementation
choices. The distinction between overall study guality and explainability quality is therefore
important. Several studies achieved high overall quality scores despite offering limited
evidence about the validity of their explanations. This suggests that Explainability has yet to
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mature into a rigorously evaluated software quality attribute. Strengthening future research
will require the same level of methodological discipline for evaluating explanations as is
already expected for evaluating task performance.

R0O3 revealed that there seems to be a clear predominance of quantitative measures of task
performance in the evaluation of explainable LLM-based RE approaches. These measures
include accuracy, precision, recall, and F1-score [3], [4],[24]. They tell us how well the systems
perform their tasks, but not much about the guality of the explanations. This study concurs
with the conclusions drawn by two systematic reviews on XAI4SE included in our study.
Mohammadkhani et al. [22] and Cao et al. [23] highlight the lack of appropriate evaluation
metrics as a key systemic problem in XAl for software engineering. Our review adds one
additional aspect, demonstrating that this gap remains open even in the context of RE.

The evaluation crisis directly supports problems highlighted in RQ4. Due to the absence of
agreed measures for evaluating faithfulness, consistency, and usefulness of explanations,
researchers can hardly distinguish an explanation generated by genuine interpretable
systems from those that generate plausible-sounding explanations [52], [566]. Qualitative
methods of evaluation, like expert assessment, user studies, and think-aloud protocols [B],
[7], [49], [51] appear to be too limited in terms of scale and reproducibility, thus preventing
systematic accumulation of evidence. To solve this problem, we need to develop a
comprehensive evaluation framework that would evaluate both the performance and
the quality of explanation along multiple dimensions such as faithfulness, completeness,
consistency, and stakeholder-perceived usefulness [13], [14], [51].

The near-absence of a human-centered approach in existing explainable LLM approaches
for RE is a consistent gap that cuts across R02, RQ4, and RQ5. Requirements Engineering
itself is a sociotechnical process where people with diverse backgrounds and different
degrees of technical knowledge not only interact with requirement artifacts but also with
explanations provided alongside them [26], [27]. However, the studies reviewed do not take
into account the type of stakeholders when designing the explanations. In most cases,
explanation generation systems predominantly generate explanations as generic natural
language output, with no adaptive mechanism to tailor depth, format, or vocabulary to the
recipient’s preferences [49], [51].

The notion of on-demand explanation elicitation is defined in Deters et al. [51] as the
development of systems that generate explanations upon demand based on user queries. It
is seen as a promising solution for addressing the aforementioned gaps. According to Obaidi
et al.[48],[49], explanation requirements have to be explicitly elicited because users' needs
for explanations are highly context-dependent. In general, the evidence implies that future
research should pursue more active stakeholder involvement in participatory approaches
for building explainability support systems based on their needs [13], [14], [48].

RO4 identified hallucinations and reliability as the most significant impediments to the
deployment of explainable LLMs in RE tasks. LLM hallucinations may produce requirements
artifacts that look valid but contain domain-specific errors that cannot be detected without
expert analysis. Systematic analysis of hallucinations and reliability issues in LLM-based RE
artifacts is reported in [563], [55]. Most importantly, post hoc XAl explanations fail to reveal
LLM hallucinations or reliably fix mistakes. This is because the model's explanation may be a
hallucination itself and can produce an apparently sound but actually incorrect explanation
for the decisions made [5], [B].

Addressing the issue of trust deficit calls for multiple measures. To start with, LLMs should
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be integrated into architectures with other reasoning engines such as symbolic reasoning,
rule-based systems, or knowledge graphs, thereby constraining possible outputs and
providing formal correctness assurances for critical RE artifacts [5], [58]. Secondly, any LLM-
driven artifact, such as requirements or explanations, should undergo formal approval by
domain experts as part of a human-in-the-loop validation approach [54]. In addition, rigorous
frameworks for testing LLM robustness are needed to determine the behavior of LLM-based
RE tools in different scenarios [5], [56].

One pattern that emerges consistently across the studies reviewed is that explainable LLMs
are still evaluated primarily in terms of how well they perform and not how well they explain.
Most authors report traditional performance measures such as accuracy, precision, recall,
and Fl-score to demonstrate the effectiveness of LLM-based requirements engineering
solutions. Yet,comparatively little attentionis paid to whether the accompanying explanations
faithfully represent the model's reasoning [B], [11], [12]. This creates an important blind spot.
A model can achieve excellent predictive performance while offering explanations that are
superficial, unstable, or simply persuasive narratives with little connection to the underlying
decision process. The broader XAl community has long argued that explanation quality
cannot be reduced to predictive accuracy alone. It also depends on properties such as
faithfulness, interpretability, transparency, and user trust [11], [12], [43]. Viewed from this
perspective, the current evaluation practices in RE capture only one dimension of system
guality and make meaningful comparisons across studies difficult.

The evidence synthesized in this review suggests that future explainable LLM frameworks
should be evaluated through a broader guality assessment model built around three
complementary dimensions: explanation quality, human-centered quality, and engineering
utility (Fig. 2). The first dimension examines the explanation itself. It should establish whether
explanationsare faithful, complete, and consistent[6],[12]. Faithfulnessreflects the reasoning
that actually produced the model output rather than a convincing post-hoc justification.
Completeness captures the evidence that influenced the recommendation or classification,
while consistency is when explanations remain stable when equivalent requirements are
presented under similar conditions [B], [12], [43]. These properties determine whether an
explanation can be trusted as an accurate representation of the model behavior rather than
an after-the-fact narrative. The second dimension recognizes that requirements engineering
is inherently collaborative. Analysts, developers, customers, and domain experts interact
with the same requirements but often need different forms of explanations. Conseguently,
evaluation should extend beyond technical correctness to include interpretability, perceived
usefulness, stakeholder trust, cognitive effort, and support for decision-making [6], [39].
This reinforces earlier work that positions Explainability as a software guality attribute and
a non-functional requirement rather than merely an Al capability [48]. The third dimension
shifts attention to engineering outcomes. If explanations genuinely add value, they should
improve activities such as ambiguity resolution, requirements validation, traceability, review
efficiency, and ultimately software quality [14], [43], [57]. Without demonstrating these
practical benefits, explainability risks becoming an attractive feature whose contribution to
engineering practice remains largely assumed rather than demonstrated.

The framework proposed in this study addresses another weakness that became evident
throughout the review. There is a lack of a common benchmark for evaluating explainable
LLMs across different RE tasks. At present, studies adopt different evaluation criteria that
make it difficult to compare findings, reproduce experiments, or determine which approaches
genuinely advance Explainability. Establishing shared quality dimensions would provide a
more consistent basis for evaluating future systems. Thus, researchers will be encouraged
to look beyond predictive performance and assess explanations as software artifacts in
their own right. Furthermore, it will also support the development of benchmark datasets and
reproducible evaluation protocols that combine objective measures of explanation guality
with human-centered assessment. Moving in this direction helps make Explainability a clear
and measurable software quality attribute. This strengthens the case for trustworthy,
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transparent, and practical LLM solutions in requirements engineering.

Explainable LLM Multidimensional Quality Assessment

A 4 A4 A 4

Human-Centered

Explanation Quality Engineering Utility

Quality

v y

Interpretability
Trust

Ambiguity Resolution
Traceability Accuracy
Validation Quality Review
Efficiency
Defect Prevention

}

Faithfulness
Completeness
Consistency
Transparency

|

Usefulness
Cognitive Load
Decision support

A 4

Overall Explainahility and Trustworthiness Assessment

Figure 3: A conceptual quality assessment framework synthesizing the dimensions identified in the
reviewed literature for evaluating explainable LLMs in requirements engineering.

The evidence summarized in Table 18 highlights a clear imbalance in current evaluation
practices for explainable LLMs in RE. While most studies demonstrate strong predictive
performance, far fewer examine whether the accompanying explanations faithfully
represent the model's reasoning, support stakeholder understanding, or improve engineering
outcomes. As a result, explanation quality is still judged largely through subjective
assessments, with objective measures such as faithfulness, completeness, and consistency
receiving comparatively little attention. This lack of a common evaluation approach makes
it difficult to compare findings across studies or determine whether reported improvements
reflect genuine advances in Explainability. Adopting standardized guality dimensions and
reproducible evaluation protocols can provide a more rigorous basis for evaluating explainable
LLMs. This shift allows future studies to measure explanations not only for their technical
validity but also for their practical value in supporting requirements engineering activities.

Table 18: Proposed Quality Assessment Dimensions for Evaluating Explainable LLMs in Requirements
Engineering

Evaluation Method Studies

Quality

Purpose Suggested Evaluation

Dimension Metrics

Faithfulness Determines whether the Sufficiency Score, Perturbation, feature [12],[43],
explanation generated Comprehensiveness ablation, explanation [B]
accurately reflects the Score, Deletion- consistency with model
internal reasoning process of | Insertion Tests, Causal | outputs
the LLM. Fidelity

Completeness | Assess whether the Feature Coverage Expert assessment, [12],[8]
explanation covers all Ratio, Rationale comparison with
relevant information and Coverage, Information | reference explanations,
evidence that contributed to | Completeness coverage analysis
the generated requirement
or recommendation.

Consistency Evaluates whether similar Explanation, Stabhility Repeated experiments | [43], [B]
requirements or semantically | Score, Similarity Index, | using semantically
equivalent inputs produce Variance Analysis equivalent
stable explanations under requirements or prompt
similar conditions. variations
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Quality Purpose Suggested Evaluation | Evaluation Method Studies
Dimension Metrics
Interpretability | Measures how easily Interpretability Rating, | User studies, expert [14],[51]
stakeholders understand Cognitive Load, Task reviews, guestionnaires
and use explanations during | Completion Time
RE activities.
Trust Assesses the extent to Trust Calibration Controlled user [43],[48]
which explanations improve | Score, Likert Trust experiments,
stakeholder confidence Scale, Confidence Gain | stakeholder surveys
without encouraging
over-reliance on Al
recommendations.
Usefulness Determine whether Decision Accuracy Comparative human [6],[39]
explanations assist usersin | Improvement, User studies, case studies
making better RE decisions. | Satisfaction, Error
Detection Rate
Engineering Evaluate the practical impact | Ambiguity Resolution | Industrial case studies, |[4],[57],
Utility of explanations on software | Rate, Traceability benchmark datasets, [52], [39]
engineering outcomes. Accuracy, Validation controlled experiments
Accuracy, Review
Time Reduction,
Defect Prevention
Rate

7. CONCLUSION AND FUTURE WORK

This paper conducted a systematic literature review of explainable LLMs in software RE
using the PRISMA methaodology, consalidating findings to answer five research guestions.
The paper revealed that LLMs have been employed throughout the entire range of RE
activities. This shows their robust natural language processing ability, which helps
eliminate manual labor while increasing consistency in the RE process. It also showed that
Explainability is mainly done using prompt-based and post-hoc approaches. The study
found that quantitative task-performance metrics, which are inherently inappropriate as
criteria for evaluating explanations, dominated the evaluation methodology. Also, there
exists no established benchmarking framework for explainable requirements elicitation. The
lack of benchmarks for evaluation, the inadequacy of current explainability approaches,
shortcomings in human-centered explanation design, insufficient robustness and trust
management, and underdeveloped LLM integration technigues, in combination with other
Al paradigms, were identified as research gaps in the review. This review consolidates the
evidence and proposes a multidimensional framework for evaluating explainable LLMs in RE.

In future research, XAl should become an integral concern in LLM-based RE instead of
being addressed as an afterthought. The most pressing methodological requirement in this
context would be dedicated benchmarks for evaluating explanations in RE, with datasets
and metrics established to assess the quality dimensions of interpretability in terms of
faithfulness, completeness, consistency, and perceived usefulness by relevant stakeholders.
Without these benchmarks, there would be no way to differentiate true interpretabhility
from plausible-sounding explanations. Another priority would be to progress from prompt-
based and post-hoc XAl approaches to explainability paradigms that incorporate intrinsic
and hybrid Explainability. These approaches can produce faithful explanations grounded
in the model's actual reasoning and thus directly address the capability-interpretability
imbalance. XAl processes should also be human-centered and stakeholder-specific. The
degree and modality of explanations provided by the XAl methods should vary depending
on the expertise and role of each RE stakeholder. Furthermore, the validity of the XAl output
should be justified through human-in-the-loop validation procedures, robustness testing,
and hallucination detection capabilities. This will ensure the veracity and truthfulness of the
LLM-generated explanations of requirements artifacts. Finally, there needs to be specific
interdisciplinary research on ethics and governance issues around explainable Al in LLM-
driven RE for the use of such tools to be justified in terms of their reliability in safety-critical
and regulated industrial contexts.
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