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Abstract 
 
Quality issues in User Stories (US) frequently arise during implementation, with common 
problems including ambiguity, integration challenges, and inconsistencies in templates or 
formal structure. These challenges emphasize the critical need to evaluate the quality of 
the US, prompting extensive research focused on developing methods and innovations to 
improve the requirement elicitation process. This study aims to analyze the frameworks, 
application methods, and tools employed in previous research to assess US quality. 
Utilizing the Kitchenham framework, 26 relevant studies were systematically reviewed. 
Next, the analysis identified six prominent quality evaluation frameworks: INVEST, Quality 
User Story (QUS), ISO 25010, IEEE 830, USQM, and linguistic-based approaches. The 
application of these frameworks often involves experts, practitioners, and artificial 
intelligence (AI). Meanwhile, among the tools reviewed, AQUSA emerged as the most 
frequently used due to its alignment with QUS standards. These findings highlight the 
adaptability of existing frameworks and tools while underscoring the potential for further 
integrating generative AI to enhance the accuracy and efficiency of US quality evaluations. 
Subsequently, future research should explore innovative AI-based methods to advance this 
critical area of requirement engineering.  
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1.0  INTRODUCTION 
 
User Story (US) has emerged as a key approach in the process of 
gathering requirements, especially in the context of Agile 
Software Development (ASD) practices [1]. Numerous software 
engineering teams have widely adopted its application because 
it facilitates effective communication between development 
teams and stakeholders [2], [3], [4]. 

However, issues related to the quality of the US frequently 
arise in their implementation. Common challenges observed in 
the US include ambiguity [4], [5], [6], [7], integration [8], [9], [10], 
and inconsistencies in templates or formality of format [11], 
[12], [13]. These quality issues can delay achieving IT project 
targets and sometimes fail.  

Recognizing the importance of US quality, various studies have 
focused on developing methods and innovations to assess the 
quality of US generated during the requirement elicitation 
process. In particular, one widely used framework is INVEST [14], 
[15], which emphasizes Independent, Negotiable, Valuable, 
Estimable, Small, and Testable criteria. However, INVEST is not 
the only approach; several studies utilize international standards 
such as ISO  and IEEE [16]. 

With recent technological advancements, particularly the 
rapid progress in Artificial Intelligence (AI), machine learning, 
and deep learning-based approaches have been applied to 
evaluate the quality of the US  [17]. Using Natural Language 
Processing (NLP) techniques, the textual format of the US can be 
processed and analyzed automatically to identify deficiencies 
and improve its quality [18]. 
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Research on Systematic Literature Review (SLR) regarding the US 
has been conducted in various previous studies. For example, a 
study by Amna and Poles [7] broadly reviewed the US, with a 
research scope starting in 2021. However, due to its general 
nature, this study did not specifically address the quality of the 
US. Another study by Hendriana et al. [20] focused on 
approaches used to determine the quality of generated US. 
Nevertheless, this research did not discuss the US evaluation 
standards employed based on the framework proposed by the 
previous studies. Both studies’ data were sourced from several 
digital libraries, including IEEE Xplore, ProQuest, and 
ScienceDirect. 

Meanwhile, Amna and Poels [9] extended their earlier 
research by focusing on issues of ambiguity in the US. This study 
specifically examined various problems investigated, proposed 
solutions, and the methods of validation and evaluation applied. 
In a different context, Raharjana et al. [10] explored the 
application of NLP in the US. They concluded that NLP could 
assist software engineers in managing the US more efficiently. 
The study also highlighted that opportunities for further 
development in applying NLP to the US remain abundant. 

Aside from this, a study by Kustiawan et al. [1] examined 
how the US is utilized in the requirement elicitation process, 
including challenges encountered in its implementation. 
Consequently, this study identified that ambiguity is the most 
frequently reported issue, occurring 18 times, followed by 
incompleteness, which was noted 11 times. Previous SLRs have 
primarily examined the US in a broad context or addressed 
specific issues related to the US's application, such as ambiguity. 
While Hendriana et al. [18] did concentrate on the quality of the 
US, their discussion was limited to various approaches and did 
not reference any established frameworks for assessing US 
quality.  

This study explicitly identifies frameworks for evaluating the 
quality of the US and the application methods in utilizing these 
frameworks. Furthermore, it explores tools and models that 
have been developed to assess US quality. Thus, the objective of 
this study is to systematically identify the frameworks, 
application methods, and tools used for US quality evaluation 
over the past five years. This research contributes to helping 
researchers and practitioners by providing insights into available 
approaches in evaluating the quality of the US. It seeks to guide 
the selection of frameworks and methods to measure the US 
quality, tackle challenges in requirement elicitation, and 
enhance Agile Software Development practices. 
 
 
2.0  METHODOLOGY 
 
This study adopts the Kitchenham Framework to conduct an SLR 
[22], [23]. The framework consists of three main phases: 
planning the review, conducting the review, and reporting the 
review. The details of each stage in the Kitchenham 
methodology are illustrated in Figure 1. 

 
Figure 1 Systematic Literature Review Research Design 

 
The first phase, planning the review, involves formulating 
research questions aligned with the issues outlined in the 
background and the research objectives. This phase includes 
determining the keywords for identifying relevant literature, 
selecting digital libraries as sources, and defining inclusion 
criteria. 

The second phase, conducting the review, is carried out step 
by step. The process begins with searching for literature using 
the predefined keywords in all selected digital libraries. Next, the 
excluded paper (stage 2) is conducted, screening literature 
based on titles and removing duplicates. The remaining 
literature is evaluated for relevance through abstract (stage 3) 
and complete paper analysis (stage 4). Finally, all selected 
literature undergoes an in-depth content review to ensure its 
suitability for answering the research questions. The results of 
this phase are extracted and synthesized to provide answers to 
the research questions. 

The final phase, reporting the review, analyzes the findings to 
address the research questions. This phase also identifies the 
study's limitations and discusses opportunities for future 
research. 

Concerning the three phases in the SLR framework, only the 
planning phase is explained in detail in this section. Whereas the 
other two phases will be elaborated further in the results and 
discussion section. 

 
2.1 Research Question 
 
Based on the research objectives mentioned in Section 1.0, the 
following research questions are formulated: 
 RQ1: Which key evaluation frameworks have been 

previously employed in User Story research? 
 RQ2: Which methods have been used to implement User 

Story evaluation frameworks in research? 
 RQ3: What is the typical number of User Stories analyzed 

in recent studies evaluating User Story quality? 
 RQ4: What models or tools are utilized to evaluate User 

Stories based on established evaluation frameworks? 
 

2.2 Keywords and Resources 
 
This study employs standardized keywords across all digital 
libraries used, specifically ("User Story" OR "User Stories") AND 
("quality" OR "Evaluation"). The selection of these keywords 
aims to ensure consistency in searches and maximize the 
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relevance of the retrieved literature. Literature sources were 
drawn from leading digital libraries, including IEEE Xplore, 
Scopus, Google Scholar, Science Direct, and SpringerLink, which 
are widely recognized as reliable academic research databases. 

Additionally, specific configurations were applied to each 
digital library to refine the search results. The primary focus was 
on research areas such as software engineering, agile software 
development, and requirement engineering (RE) to ensure that 
the collected literature aligns with the research context. This 
approach is expected to support a comprehensive and focused 
literature review. 
 
2.3 Inclusion Criteria 
 
The literature selection process in this study followed a 
systematic three-stage approach, with clearly defined inclusion 
criteria for each phase. In Stage 2 (title screening), the inclusion 
criteria required that the title explicitly contain the terms User 
Story or User Stories. Additionally, the paper must be written in 
English, peer-reviewed, and published between 2020 and 2024. 

In Stage 3 (abstract and keyword screening), the inclusion 
criteria specified that the keywords must include User Story or 
User Stories alongside quality. Moreover, the abstract must 
explicitly address aspects related to User Story quality to ensure 
its relevance to the study's objectives. 

In Stage 4 (content screening), the inclusion criteria were 
refined to encompass user stories, quality, evaluation, 
assessment, and/or measurement content. Further, the content 
must also detail the evaluation of US quality, whether as the 
central focus or as part of a broader research context. 

This structured, multi-phase selection process was 
meticulously designed to ensure that the chosen literature is 
highly relevant and academically rigorous, comprehensively 
supporting the research's objectives. 
 
 
3.0  RESULTS AND DISCUSSION 
 
This section discusses the findings obtained during the Conduct 
the Review and Report phases. The detailed results of each 
phase are explained in the following sub-sections. 
 
3.1 Conduct the Review 
 
In the first stage, a search was conducted across all selected 
digital libraries using the exact keywords. This search resulted in 
a total of 2,682 pieces of literature. The number of search results 
obtained from each digital library is presented in Table 1. The 
left column represents the source of the literature, while the 
right column represents the number of literature identified for 
each source. 

Table 1 First Paper Search Result 

Source Result (Paper) 
Google Scholar 828 
IEEE Xplore 276 
Science Direct 395 
Scopus 193 
SpringerLink 990 
Total 2682 

 

It can be observed that the majority of search results were 
retrieved from SpringerLink and Google Scholar. 

Subsequently, literature selection was performed based on 
the inclusion criteria, focusing on their titles. At this stage, all 
papers with titles containing the term User Story or User Stories 
were selected for further processing. To avoid redundancy, 
duplicate papers with identical titles across multiple digital 
libraries were excluded from the list. These duplications 
commonly occurred between Scopus and Google Scholar, as well 
as between Scopus and SpringerLink. Consequently, the results 
of this stage are presented in Table 2. The left column represents 
the source of the literature. The subsequent columns represent 
the number of relevant, duplicates, and excluded, and the sum 
of identified literature in each source, respectively. 

 

Table 2 Title and Duplicate Screening 

Source Relevant 
(Paper) 

Duplicate 
(Paper) 

Exclude 
(Paper) 

Total 
(Paper) 

Google 
Scholar 512 46 270 828 

IEEE Xplore 78  198 276 
Science Direct 38 2 355 395 
Scopus 112 79 2 193 
SpringerLink 11  979 990 
Total 751 127 1804 2682 
 
 
Apparently, it was observed that the search using the 

specified keywords still produced irrelevant literature, with this 
issue being most prevalent in SpringerLink. 

Next, the following selection stage involved screening the 
abstracts and keywords of the literature that passed the initial 
selection. At this stage, filtering was conducted by carefully 
examining the content of the abstracts and keywords to ensure 
their relevance to the research topic. The two primary keywords 
focused on in this stage were user story/user stories and quality. 
If a piece of literature explicitly mentioned both terms in its 
abstract or keywords, it was selected for further analysis. 
Conversely, literature that did not include both terms was 
excluded from the list. The result of this phase can be seen in 
Table 3. The first column displays the digital library of literature 
sources, the second column is the selected paper after screening 
the abstract and keywords, the excluded is the literature that is 
excluded because it does not match the research target, and the 
last column is the total number of literature selected at this 
stage. 

Table 3 Abstract and Keyword Screening 

Source Include 
(Paper) 

Exclude 
(Paper) Total (Paper) 

Google Scholar 2 510 512 
IEEE Xplore 26 52 78 
Science Direct 4 34 38 
Scopus 31 81 112 
SpringerLink 7 4 11 
Total 70 681 751 
 
 
Accordingly, it was observed that search keywords generated 

a significant amount of irrelevant literature, particularly in 
Google Scholar. 
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Finally, the final stage was the full paper review. At this stage, 
the literature that did not explicitly discuss the evaluation of US 
quality in its content was excluded. Although some literature 
mentioned terms such as ‘quality evaluation,’ it was also 
removed from the list if it lacked significants explanation on 
implementing such evaluations. This process ensured that only 
the literature offering in-depth and relevant information on US 
quality evaluation was considered in the final analysis. The 
results of this stage are presented in Table 4. 
 

Table 4 Content Screening 

Source Include 
(Paper) 

Exclude 
(Paper) Total (Paper) 

Google Scholar 1 1 2 
IEEE Xplore 8 18 26 
Science Direct 2 2 4 
Scopus 11 22 31 
SpringerLink 6 1 7 
Total 26 44 70 
 
 
Eventually, the final results of the review process indicate that 

only 26 studies were selected to address the research questions 
from an initial pool of 2,682. This represents just 0.96% of the 
literature meeting the specified keyword-based selection 
criteria. Most of the selected literature originated from Scopus, 
followed by IEEE Xplore, SpringerLink, Science Direct, and 
Google Scholar. 

Further results revealed that Scopus contributed the most 
significant amount of selected literature (11), the second was 
initially sourced from IEEE Xplore (8), and the next was followed 
by SpringerLink (6). Regarding literature types, 9 selected works 
were journal articles, and the remaining 17 were conference 
proceedings, reflecting the diversity of sources included in the 
final analysis. 

 
3.2 Report The Findings 
 
This subsection addresses the research questions formulated 
during the planning phase based on the literature selected 
through the conduct of the review process. Each research 
question is answered by referring to the relevant findings from 
the selected literature. Detailed explanations for addressing 
each research question are presented in the following 
paragraphs. 

RQ1: Which key evaluation frameworks were previously 
employed in user story research? 

This research question focuses on the frameworks commonly 
used by researchers to evaluate the quality of the US. Based on 
the analysis of the 26 selected literature, six primary frameworks 
were identified: INVEST, Quality User Story (QUS), ISO 25010, 
IEEE 830 Quality Criteria, User Story Quality Measurement 
(USQM), and Linguistic-based (semantic and semiotic-based). 
The detailed utilization of each framework by the selected 
literature is presented in Table 5. 

Table 5 User Story Quality Evaluation Frameworks 

 
 

The frameworks used in studies evaluating US quality 
encompass various models with unique approaches. One such 
framework is INVEST, which consists of six criteria: Independent, 
Negotiable, Valuable, Estimable, Small, and Testable. This 
framework was first introduced in Extreme Programming [14] 
and later refined into the INVEST Grid [15]. According to the 
selected literature, this model was fully utilized in four studies 
[28], [30], [31], [32]. In addition to its standard application, some 
studies have modified the INVEST criteria by incorporating 
factors such as formal, lexical, semantic, and saturation quality 
[24]. Furthermore, other studies grouped INVEST criteria and 
added supplementary factors [29], focusing on quality 
evaluation based on individual and overall user requirements. 
These findings demonstrate that the INVEST framework can be 
adopted, modified, and further developed. 

Similarly, the Quality User Story (QUS) framework was first 
introduced by Lucassen et al. [30] and employs 14 criteria for 
evaluating US quality. These criteria are categorized into three 
linguistic groups: Syntactic (atomic, minimal, well-formed), 
Semantic (conflict-free, conceptually sound, problem-oriented, 
unambiguous), and Pragmatic (complete, explicit dependencies, 
full sentence, independent, scalable, uniform, unique). 
Importantly, this framework also serves as the foundation for 
developing an evaluation tool called the Automatic Quality User 
Story Artisan (AQUSA) [35]. Based on the selected literature, 10 
studies used QUS to evaluate US quality. Notably, four of these 
studies employed the AQUSA tool [18], [37], [39], [40], while 
others used only a subset of QUS criteria. In addition, some 
studies even developed new tools using specific QUS criteria as 
references [43]. 

Moreover, ISO 25010 is a quality standard developed for 
computer systems, software products, data, IT services, and 
quality-in-use [48], [52]. Building on this framework,  [49] 
employed the ISO 25010 product quality model to evaluate the 
results of US extraction. This study utilized Deep Learning and 
NLP technologies to identify quality issues in the US, categorized 
under usability, performance, security, reliability, and 
compatibility labels. 

Similarly, the IEEE 830 [46], [53] framework was introduced as 
a Software Requirements Specification (SRS) standard. It 
outlines characteristics such as correctness, unambiguity, 
completeness, consistency, verifiability, traceability, 
modifiability, understandability, feasibility, and stability. In 
applying this standard, Kuhail and Lauesen [43] evaluated US 
quality, focusing on completeness, correctness, verifiability, and 

No Framework Literature References 
1 INVEST [14], [15] 

11 
[4], [24], [25], [26], 
[27], [28], [29], [30], 
[31], [32], [33] 

2 Quality User Story 
(QUS)[34], [35] 10 

[18], [33], [36], [37], 
[38], [39], [40], [41], 
[42], [43] 

3 Linguistic (Semantic 
and Semiotic) 3 [17], [44], [45] 

4 IEEE 830 [46] 1 [47] 
5 ISO 25010 [48] 1 [49] 
6 User Story Quality 

Measurement (USQM) 
[50] 

1 [51] 
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traceability criteria. Their study argued that specific IEEE 830 
criteria overlap with those of the INVEST and QUS frameworks. 

In contrast to these established frameworks, the Model of 
Determining the User Stories Quality (MDUSQ) framework, 
introduced by Jharko [47], employs three main factors for 
evaluating US quality: basic quality, quality of management, and 
acceptance (confirmed) quality. These factors include clarity of 
documents, low complexity, controllability, manageability, 
testability, and verifiability. Although newly introduced, this 
framework appears to refer to the USQM framework, previously 
discussed by Lai [46]. 

On the other hand, a linguistic approach is also utilized for 
evaluating the US, as their textual structure allows for analysis 
based on syntactic, semantic, and pragmatic dimensions, as 
implemented in the QUS framework. Expanding on this, 
Kamthan et al. [41] introduced a semiotic approach to US 
evaluation by adding the dimension of social quality. However, 
this approach has not been widely adopted, and to date, 
scientific publications employing this framework remain limited, 
indicating that it is still in the developmental stage. Furthermore, 
the important criteria or attributes in the US quality evaluation 
can be identified from all these frameworks. The criteria are 
determined by looking at the intersection between frameworks. 
Through this approach, 8 criteria were identified as important 
for user story evaluation. The criteria/attributes are presented 
in Table 6. 

Table 6 Important Criteria 

No Criteria Frameworks 
1 Independent INVEST, QUS 
2 Unambiguous QUS, Linguistic, IEEE 830 
3 Complete QUS, IEEE 830 
4 Estimable INVEST, QUS, USQM 
5 Testable INVET, QUS, IEEE 830 
6 Conflict Free QUS, Linguistic 
7 Atomic QUS, USQM 
8 Negotiable INVEST, USQM 

 
 

Table 6 in the framework column illustrates the number of 
frameworks that utilize these criteria. While some criteria may 
not be explicitly identical across all frameworks, many are 
textually different yet conceptually similar. For instance, the 
criterion "unambiguous" aligns closely with the concept of 
"understandability" in IEEE 830, and "testable" relates to 
"verifiability" in the same standard. Additionally, QUS 
encompasses nearly all the criteria found in the various 
frameworks. Furthermore, QUS categorizes these criteria into 
Individual and Set, allowing for a measurement reference based 
on these categories. 

RQ2: Which methods have been used to implement user story 
evaluation frameworks in research? 

Various methods are employed to implement the frameworks 
discussed in RQ1. These methods include: (1) hiring experts, 
practitioners, students, or specialists experienced in User Story 
or Agile Software Development (ASD) to evaluate and complete 
the framework criteria; (2) utilizing existing User Story quality 
evaluation tools, including AI-based tools; and (3) developing 
models or tools to apply the frameworks, such as AI-based 
models. The criteria of the methods used to implement these 
frameworks are presented in Table 7. 

Table 7 Framework Application Methods 

No Method Criteria/Tools Reference 

1 

Hiring 
Practitioners 

At least 2 years’ and maximum 
15 years’ experience in 
software engineering 

[27], [28], 
[30], [36], 
[41], [47] 

Hiring 
Academia/ 
Researcher 

Professor in Computer 
Science, Author/Researcher 

[29], [32], 
[36] 

Hiring 
Student 

3th year students, pass SE 
Course 

[38] 

2 Existing 
Tools 

QUS Based, INVEST Based, 
Generative-AI (ChatGPT) 

[18], [37], 
[39], [40] 

3 
Model Dev/ 
AI Based 
Model 

iStar, USQA, MDUSQ, User 
Requirement  Quality 
Assessment Framework, AI 
(Deep Learning, Machine 
Learning, NLP) 

[17], [25], 
[31], [33], 
[42], [43], 
[44], [49], 
[51] 

 
 
Evaluating the quality of the US often involves experts or 

practitioners providing in-depth assessments. Frameworks such 
as INVEST and QUS were employed in nine of the 26 reviewed 
literature. In these approaches, the number of invited experts 
varied, with consideration given to their experience and roles in 
software development. Several studies emphasized the 
importance of practitioner experience, requiring a minimum of 
two years in software engineering [27], [30], [36], [41]. In 
addition to practitioners, academics such as professors and 
researchers in software engineering, particularly those 
specializing in agile software development, were also involved in 
evaluating the US using specific frameworks [29], [32], [36]. This 
expertise-driven approach highlights the critical role of 
evaluator experience and background in ensuring the quality of 
the evaluation results. 

Beyond expertise-based approaches, US evaluation can also 
leverage pre-existing tools. Several tools mentioned in the 
studies include AQUSA [35] and ChatGPT [39]. Among the 26 
studies reviewed, four utilized AQUSA directly or in comparison 
with other tools [39]. Interestingly, Generative AI, such as 
ChatGPT, has been applied to evaluate US quality based on 
specific standards. Research findings indicate that evaluations 
using ChatGPT align with results produced by practitioners, 
although there is room for improvement in the consistency of 
the evaluations. This demonstrates the significant potential of 
Generative AI in supporting automated and efficient evaluation 
processes. 

On the other hand, new evaluation models that utilize AI-
based technologies, such as machine learning, deep learning, 
and generative AI, have been developed. Algorithms employed 
include Recurrent Neural Networks (RNN), Convolutional Neural 
Networks (CNN), and NLP-based models such as Bidirectional 
Encoder Representations from Transformers( BERT), Optimized 
BERT (RoBERTa and DistilBERT), XLNet, and Large Language 
Models (LLMs). Several evaluation models have been 
introduced, including iStar [17], User Story Quality Assessment 
(USQA)  [43], the User Requirement Quality Assessment 
Framework [25], and the MDUSQ [51]. Other AI-based models, 
particularly those using Deep Learning and LLMs, have also been 
proposed by several studies [17], [33], [42], [44]. These studies 
demonstrate significant efforts in developing automated 
evaluation models that can accelerate the process and improve 
the accuracy of US quality evaluations. 
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RQ3: What is the number of user stories typically analyzed in 
recent studies evaluating user story quality? 

In the literature on US quality evaluation, not all studies 
explicitly specify the number of analyzed US. Some do not 
directly mention the quantity, while others are still in the model 
development phase and have yet to be tested. However, most 
literature provides clear information on the number and sources 
of US used. 

Among the 26 reviewed studies, 17 explicitly reported the 
number of US, ranging from 4 to 9,060. When categorized by 
data size—small (1–100), medium (101–500), large (501–1,000), 
and very large (1,001–10,000)—the distribution is as follows: 9 
studies fall under small, four under medium, two under large, 
and two under very large. This indicates that most studies use a 
small 1–100 US dataset. The detailed distribution of US numbers 
can be seen in Figure 2. 

 
Figure 2 User Story Number in Selected Literature 

 
The sources of the US are diverse, including those obtained 

from case studies (12) conducted through workshops, public 
data sources (3), and the US generated using Generative AI (1). 
And 10 studies did not mention where their US data came from 
(10). The details of US sources can be seen in Figure 3. 

 

 
Figure 3 User Story Sources 

 
These findings suggest that most studies rely on a small 

number of US (1–100), sourced from workshops, public data, 
company datasets, or Generative AI. This diversity highlights the 
flexibility in data collection to support various approaches to 
evaluating US quality. 

RQ4: What models or tools are utilized to evaluate user stories 
based on the established evaluation frameworks? 

Based on the selected literature, the most commonly used 
frameworks for evaluating the quality of the US during the 2020–
2024 period were INVEST (11 studies) and QUS (10 studies). Both 

frameworks remained relevant and consistently applied through 
2024. However, in some instances, researchers adapted and 
modified these frameworks to better align with specific research 
needs or practical applications. This adaptability highlights the 
flexibility of INVEST and QUS in supporting US quality 
evaluations. 

In addition to frameworks, several tools have been developed 
based on the QUS standard, including AQUSA, USQA, MDUSQ, 
iStar, and others like ChatGPT. Among these tools, AQUSA is the 
most widely used tool in prior studies. Four of the 10 studies 
utilizing the QUS framework employed AQUSA as an evaluation 
tool. AQUSA is widely used as a pioneering automatic tool for 
evaluating US quality [54]. Although many other models have 
been developed [42], [43], [51], AQUSA remains in use even 
after the last five years.  

These findings reinforce the significance of INVEST and QUS 
as primary frameworks for US evaluation while emphasizing the 
role of QUS-based tools, such as AQUSA, in facilitating more 
practical and standardized evaluation processes. 
 
3.3 Discussion 
 
Based on the studies conducted, it was observed that INVEST 
and QUS are the most widely used frameworks for evaluating 
the quality of the US. In addition to these two frameworks, 
researchers have employed others such as ISO 25010, IEEE 830, 
and USQM. However, their application is relatively limited in the 
context of US evaluation. This is primarily due to the broader 
scope of standards like ISO 25010 and IEEE 830, designed to 
evaluate the quality of the whole RE. As a smaller subset of RE 
activities, the US focuses more specifically on the requirement 
elicitation process, making these frameworks less relevant for 
particular US-specific needs. Although INVEST is recognized as 
one of the pioneering evaluation frameworks in the US, QUS 
remains a popular choice among researchers. QUS provides 
more complex criteria and assesses quality from both individual 
and set perspectives, enabling a more comprehensive analysis. 
Its application is also more flexible, as some studies may select 
only specific criteria for their research [18], [39]. Moreover, it is 
also widely used with AI, such as machine learning and 
generative AI [36].  

On the other hand, the trend of utilizing AI over the past five 
years shows a significant increase in supporting activities related 
to the US. Technologies such as Generative AI, Deep Learning, 
and Machine Learning have been applied for various purposes, 
including creation, conflict resolution, and quality evaluation in 
the US. Despite its potential, generative AI, currently at the 
forefront of AI technology, has had limited application in this 
context. Among the reviewed literature, only one study 
employed generative AI, specifically ChatGPT, to evaluate the 
quality of the US using the QUS framework [39]. 

This study found that the results of US quality evaluations 
using ChatGPT were consistent with those conducted by human 
evaluators. However, inconsistencies in output were noted, 
leading to recommendations for performing at least three 
evaluation iterations to enhance accuracy. Furthermore, there is 
substantial potential for leveraging generative AI in US quality 
evaluation research. The study also emphasized the critical role 
of human oversight in re-evaluating ChatGPT's results, ensuring 
that raw outputs are not used directly without further validation. 

Additionally, the review highlighted variations in the number 
of the US dataset analyzed across the 26 literature. The number 
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of US used as research objects varied widely, reflecting flexibility 
in adapting data to research objectives. This variation enables 
researchers to focus on developing evaluation models or 
conducting specific case studies in software development. 

Consequently, these findings underscore the importance of 
diversifying methods and tools for evaluating the quality of the 
US while highlighting significant opportunities for further 
advancements, particularly in applying AI technologies to 
support these activities. 
 
 
4.0  CONCLUSION 
 
This SLR addressed questions regarding evaluating US quality, 
encompassing frameworks, application methods for employing 
these frameworks, tools, and the number of US data sources 
utilized. The review ultimately identified 26 relevant literature 
to address the research questions. Utilizing the Kitchenham 
method, this study formulated four research questions to be 
explored. 

In RQ1, related to the US quality framework has advanced 
significantly, with INVEST and QUS emerging as the dominant 
frameworks. These frameworks, consistently applied over the 
past five years, demonstrate their relevance and flexibility in 
addressing diverse quality evaluation needs. While other 
frameworks like ISO 25010 and IEEE 830 are utilized, their 
broader scope limits their applicability to the specific challenges 
of US evaluation, which often centers on the requirement 
elicitation process. 

In line with that, RQ2 is related to implementing the 
frameworks. The practical implementation of these frameworks 
frequently involves human evaluators, such as experts, 
practitioners, and academics, whose expertise ensures nuanced 
assessments. Increasingly, AI technologies, including machine 
learning, deep learning, NLP, and Generative AI, are being 
adopted to complement these efforts. Furthermore, RQ3 
emphasizes the variety of quality studies conducted on User 
Stories. According to the collected literature, the most 
commonly utilized number of User Stories ranges from four to 
one hundred. The sources for these studies are diverse, 
encompassing research-generated data and publicly available 
information, with some even being produced by Generative AI. 
This finding illustrates the flexibility in evaluating the quality of 
User Stories, particularly concerning their quantity and sources. 
The application of A) is pivotal in advancing NLP-based quality 
evaluation tools. One notable automated tool that has gained 
significant traction among researchers is AQUSA, which is 
utilized to assess US quality. This instrument effectively 
addresses the inquiry posed in RQ4. 

In the future, generative AI, in particular, offers immense 
potential for advancing US evaluation. Despite limited 
adoption—only one study [39] has utilized ChatGPT—findings 
indicate that its results align closely with human evaluations, 
though with some inconsistencies. These observations 
underscore the importance of iterative evaluation and human 
validation. Generative AI presents a promising avenue for 
innovation in RE, especially in the requirement elicitation phase, 
where its capabilities could transform traditional methods. With 
further refinement, AI can bridge gaps in efficiency and accuracy, 
paving the way for a new era in US quality evaluation. 
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