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Abstract—This thesis explores the efficacy of ChatGPT in
generating software requirements and compares its performance
to human participants through an experimental study. The
study addresses three main research questions (RQs), examining
how ChatGPT-generated requirements align with human-written
requirements, the variation in quality between different versions
of ChatGPT using two additional sub-questions that look at
improvement in quality from feedback and consistency of quality
when the same prompt is queried multiple times, and the capacity
of the Content at Scale AI detector in identifying AI-generated
requirements.

Our findings reveal that ChatGPT, in both its free and pre-
mium versions, holds potential for generating software require-
ments, albeit it lags behind human experts in some quality at-
tributes. However, the use of feedback mechanisms helps enhance
the AI’s performance. We also found that the premium version
of ChatGPT outperforms its free counterpart in consistency and
overall quality, except in an initial trial where the free version
showed superior performance on certain attributes.

ChatGPT demonstrated remarkable time efficiency compared
to human participants without compromising significantly on the
quality of generated requirements. Despite this, requirements
produced by experienced human practitioners were found to be
more detailed and comprehensive. This suggests that AI tools
like ChatGPT should supplement rather than replace human
expertise in requirement engineering.

Our study also assessed the Content at Scale AI detector’s
proficiency in recognizing AI-generated requirements, uncovering
high precision but low recall. This highlights a need for improved
detectors for reliable identification of AI-generated requirements.

In summary, this thesis underscores the importance of AI
tools like ChatGPT in efficient requirement generation while
emphasizing the irreplaceable value of human expertise and feed-
back mechanisms in optimizing AI’s performance. Furthermore,
it identifies a crucial need for the development of enhanced
AI detectors for the accurate identification of AI-generated
requirements.

Index Terms—ChatGPT, AI-detector accuracy, requirements,
experimental study.

I. INTRODUCTION

Over the last two decades, the innovation and progress in
the field of Machine Learning (ML) has been dramatic, and
the field has moved on from being a topic only for research
in a laboratory to have different algorithms and concepts in
an extensive amount of commercial products [2]. There has
been a significant increase in investment by companies in the
development of ML models in recent years [1].

Large Language Models (LLM) are a type of deep learning
AI that generates natural language text and has become more
sophisticated in recent years [3]. Among LLMs, GPT-3 and
GPT-4 have gained exponential interest from the public, as
evidence by an increase in Twitter mentions compared to other
popular models [4].

OpenAI is an AI research company backed by Microsoft
that in the end of November 2022 released an AI chat robot
they named ChatGPT that uses the LLM GPT-3, which we
will use to answer our research questions since it is the most
popular and advanced model of this type. GPT is a model
built on top of a previous large language model from the
same company called GPT-3 that at the time of its release
in November 2020 was one of the most advanced models,
with ten times more parameters than any previous non-sparse
language model with 175 billion parameters [6]. Models like
ChatGPT make logical decision based on the type of informa-
tion the model was trained for. This should mean that it could
easily understand logical problems such as mathematic ones
that require one solution than a more sophisticated problem
where the answer could be tackled from different perspectives,
for instance, a political opinion [5].

The use of ChatGPT and its rise in popularity have shown
potential in different fields and situations. Concretely, Chat-
GPT has shown its potential for example in one study where
ChatGPT managed to place itself withing the passing range
of the United States Medical Licensing Exam [7]. It also
achieved passing results on a waiver exam for the Operations
Management course at the Wharton School of the University
of Pennsylvania. This type of course is typically included in a
master’s degree on business administration at the university.
ChatGPT also managed to create exam questions deemed
usable and relevant for the same course [52]. These positive
results of answering questions on a high educational level and
creating relevant text for a specific context raise questions on
what other use cases ChatGPT could have.

Requirements engineering (RE) is a critical phase in soft-
ware development, and its efficacy directly impacts the quality
and success of the software system. The process involves
identifying, documenting, and analyzing the user’s needs and
requirements to develop software that meets their expectations.
Traditional requirement gathering methods lean on face-to-



face interactions, surveys, and feedback mechanisms that are
time-consuming, costly, and prone to errors. Recent advance-
ments in AI and natural language processing (NLP) facilitated
entrusting automated requirement gathering methods that can
improve the efficiency and accuracy of the process [44].

The use of Artificial Intelligence (AI) has in recent years
extended to software engineering field. ChatGPT has been
utilized in various ways in software development, including
bug fixing and coding. As a language model, ChatGPT has
the ability to understand natural language queries and provide
responses that can help developers identify and fix bugs more
efficiently. In coding, ChatGPT can generate code snippets
based on natural language descriptions of desired functionality,
thereby reducing the time and effort required for coding.
Research studies have shown promising results in using Chat-
GPT for software engineering tasks, including bug fixing [37]
and code generation [36]. Automated Program Repair (APR)
systems, on the other hand, are tools and techniques that use
automated methods to fix bugs and errors in software code.
Although APR systems can produce promising results, the
involvement of human input can significantly enhance their
capabilities, and results show that ChatGPT can be a useful
tool to facilitate this process [37].

The investigation of ChatGPT’s effectiveness in generating
requirements is closely linked to automated program repair
and debugging. Understanding a software’s functionalities and
intended results is crucial for successful debugging and fixing.
Requirements represent these functionalities and are typically
defined to specify desired behavior and features. If ChatGPT’s
natural language processing capabilities enable it to interpret
descriptions of functionality, this raises our curiosity about
whether it can generate requirements effectively. This investi-
gation aligns with the goals of automated program repair and
debugging, exploring the potential of using natural language
descriptions to automate or assist in requirement formulation
and improve the efficiency of software development.

Using ChatGPT in software engineering is still a relatively
new field of study, but its potential for enhancing productivity
and efficiency in software development is increasingly being
recognized [39].

Several studies have explored the use of machine learn-
ing (ML) techniques, including Support Vector Machines
(SVM) [49], bag-of-words (BoW) [42], and deep learning,
in automating requirements engineering tasks such as elici-
tation, classification, and specification [40]. These methods
have demonstrated improved accuracy and efficiency in the
requirements engineering process [42]. However, there are
also limitations to their use, such as the need for extensive
training data [40], a limited set of requirements, and gaps in
the literature on criteria selection for ML techniques [45] and
the relevance and suitability of datasets [45].

Despite the potential of ML techniques in automating cer-
tain aspects of requirements engineering [45], they cannot
replace the manual work needed to create sound software
requirements specifications that stakeholders can use.

The aim of this study is to assess the effectiveness of

ChatGPT in generating requirements by comparing the quality
of AI-generated requirements with those written by humans,
furthermore, this study aims to examine the potential impact
of human involvement on the results, specifically in terms
of identifying any substantial improvements. To achieve this,
we conducted an experimental study to evaluate the quality
of requirements using IEEE’s existing quality attributes as
metrics before and after human involvement.

II. RELATED WORK

To investigate the extent to which ChatGPT can generate
complete requirements for software development projects, pre-
vious studies on ChatGPT capabilities, requirements elicitation
and the use of AI and ML in RE are relevant.

A. AI
In order to highlight potential benefits and limitations of

using ChatGPT for requirements generation, this subsection
provides an overview of some existing language models and
their abilities in addition to ChatGPT.

1) LLM:
Wei et al. demonstrated that the performance of LLMs is

significantly improved as the size of the model and amount of
data increase [8]. However, training LLMs is time-consuming
and labor-intensive, training LLMs requires a lot of time and
effort from the researchers involved in the project. Addi-
tionally, significant computational resources and energy usage
are required to train LLMs due to the large amount of data
and complex algorithms involved in the training process [8].
OpenAI’s GPT-3, for example, has 175 billion parameters and
was pre-trained on 45 TB of text data with supercomputers,
costing 12 million dollars [9].

Artificial General Intelligence (AGI), also known as Strong
AI or Human-Level AI, is a type of hypothetical computer
system that possesses the ability to perform any intellectual
task that a human can do [11]. LLMs offer a possible approach
to Artificial General Intelligence (AGI) and have been explored
by many organizations to promote the future development of
AI including: Google by releasing Switch-Transformer [10],
Baidu by releasing ERNIE 3.0 [12] and Huawei by releasing
Pangu [13] in addition to the chatbot Bard released by Google
after OpenAI.

To further improve the abilities of LLMs, more strategies,
such as code pre-training [14], instruction tuning [15], and
reinforcement learning from human feedback [17], have been
used to enhance reasoning, long-range context modeling, and
task generalization. As LLMs continue to advance, they offer
potential applications for trustworthy AI, conversational search
engines, and AGI, as demonstrated by Google’s chatbot Bard
and ChatGPT’s success [16].

2) ChatGPT:
ChatGPT has become a highly successful consumer appli-

cation, with over 100 million monthly active visitors within
two months of its launch [18]. This success is due to its
ability to deliver high-quality conversations, answer follow-
up questions, challenge incorrect premises, and admit its



mistakes [19]. ChatGPT has several emergent abilities, includ-
ing high-quality conversation, complex reasoning, chain-of-
thought (CoT), zero/few-shot learning, cross-task generaliza-
tion, and code understanding/generation [20]. These abilities
are made possible by the extensive training of neural network
models using language models on large-scale textual data [21].

In their article, Zhou et al. discuss the potential and
prospects of ChatGPT as a conversational AI model that has
improved on previous models [22]. They highlight the main
advantages of ChatGPT, including generalization, correction,
safety, and creativity [22]:

• Generalization: ChatGPT uses previous conversational
contexts to answer hypothetical questions, and can learn
task generalization through instruction tuning.

• Correction: ChatGPT can admit mistakes and optimize
answers according to user feedback.

• Safety: ChatGPT can reject unsafe questions or generate
safe responses with ethical and political considerations.
Supervised instruction tuning informs the model which
answers are more reasonable and provides reasons with
the answer.

• Creativity: ChatGPT excels in creative writing tasks and
can polish its writing step by step, including brainstorm-
ing, story/poem generation, and speech generation.

The authors provide the preliminary details of ChatGPT, in-
cluding its origin from GPT-3 and the three essential strategies
used to arrive at ChatGPT [22]. These strategies include code
pre-training, instruction tuning, and Reinforcement Learning
from Human Feedback (RLHF) [22], which are relevant to in-
vestigate the improvement of requirement quality after human
feedback.

Focusing on previous studies that have specifically explored
the use of ChatGPT highlights different aspects of ChatGPT’s
performance, in order to provide background information
on the effectiveness of ChatGPT in other areas, as it also
highlights potential advantages and challenges that may arise
of using ChatGPT for requirements generation.

B. AI for SE
To comprehend the application of AI in software engi-

neering, it is crucial to provide an overview of how AI and
related techniques have been utilized in SE, including the
stages of the software development life cycle where AI can be
implemented. Additionally, a comparison between ChatGPT
and a specific LLM in the context of bug fixing is presented,
offering insights into how ChatGPT’s performance stacks up
against other language models.

1) Overview on how AI is applied in SE:
Barenkamp et al. analyzed the relevance of AI in software

engineering by combining a systematic review of previous
research and qualitative interviews with software developers
[26]. The study identifies the automation of routine jobs,
analysis of big data pools, and systematic evaluation of data in
neural networks as major achievements and future potentials
of AI in software engineering. The authors utilized a mixed-
method approach to comprehensively assess the opportunities,

limitations, and potential risks of AI applications at the six
stages of the software development life cycle. The approach
involved a systematic review of more than 60 publications and
qualitative expert interviews. The review evaluated experiences
with AI applications at each stage of the life cycle [27], while
the interviews helped to develop categories and explore issues
that are not yet established. According to their results, the
authors found that AI can speed up development processes,
reduce development costs, and increase efficiency gains. While
AI currently depends on man-made structures and is mainly
reproductive, the automation of software engineering routines
can enhance human developers’ creative potential.

According to Barenkamp et al., the use of AI in software
engineering life cycle includes the following stages: software
project planning, problem analysis, software design, software
implementation, software testing and integration and software
maintenance [26].

AI could become an integral part of the software engi-
neering life cycle, providing automation and optimization to
different stages of the process [26]. In the planning stage,
AI can assist in analyzing data, estimating project timelines
[28], to predict human interactions and the environment in
software project operations for optimal task assignment and
team performance [29]. An example is Forecast, an AI-
powered project management tool that predicts task durations,
identifies risks, and suggests solutions [31].

During problem analysis, AI can be utilized to calculate
risk weights and cluster risk factors in a dynamic process.
In addition, hybrid technology road mapping, an AI-based
planning device, can be used to assess the potentials and risks
of new technologies and has been successfully applied in the
analysis and selection of software projects [30].

In software design, AI can generate code, optimize al-
gorithms, and suggest design improvements based on user
behavior data [26]. Sketch2Code is an AI tool that converts
hand-drawn interface designs into functional code [32].

In software implementation, AI can automate repetitive
tasks like testing and debugging, and optimize performance
and resource utilization [26]. Google’s TensorFlow library
is an example that provides tools for automating certain
programming tasks [33].

In testing and integration, AI can automate testing, identify
potential issues, and ensure compatibility across different
systems [26]. Testim uses AI to generate test cases, identify
bugs, and prioritize testing efforts [34].

In software maintenance, AI tools can support the main-
tenance and updating process of software in an internet en-
vironment [26]. They can also assist in the classification of
user queries to direct users based on their query pattern [26].
Logz.io is an AI tool that analyzes log data to identify potential
issues before they cause system failures [35].

Integrating AI into the software engineering life cycle can
help software teams work more efficiently, reduce errors and
costs, and deliver better software products that meet user needs
[26].

2) Codex Vs ChatGPT in bug fixing:



Codex is an AI system developed by OpenAI that uses deep
learning to generate code [36]. Codex was trained on a massive
dataset of open-source code repositories and has the ability to
generate code in multiple programming languages based on
natural language prompts provided by the user and dedicated
deep learning-based automated program repair (APR) methods
[38] on a standard benchmark dataset [36]. APR systems have
been developed to suggest software patches automatically for
detected errors [38]. In a research that has been conducted
to analyse the automatic bug fixing performance of ChatGPT
comparing it to Codex, the findings reveal that ChatGPT
exhibits comparable performance to Codex in bug fixing [37].
Notably, ChatGPT outperforms APR, fixing 19 out of 40
bugs compared to only 7 [37]. When utilizing ChatGPT’s
dialogue feature and providing additional information about
the bug in a follow-up request, its performance improves
further, achieving an overall success rate of 77.5% [37]. These
results demonstrate that human input can significantly enhance
the capabilities of an automated APR system, with ChatGPT
serving as a useful tool to facilitate this process [37].

Including the ”Codex vs. ChatGPT” section exemplifies two
key points in relation to the thesis. Firstly, research findings
demonstrate ChatGPT’s comparable bug fixing performance
to Codex, a system specifically designed for code generation,
additionally, that ChatGPT surpasses traditional APR systems
in fixing a higher number of bugs, emphasizing its effective-
ness in this task and its potential as a valuable tool within the
software engineering life cycle stages.

Furthermore, the discussion on AI tools for requirement
elicitation and classification piques our curiosity regarding
ChatGPT’s performance in generating requirements. The pos-
itive outcomes observed in bug fixing indicate that ChatGPT
could potentially excel in other software engineering tasks,
including requirement generation. This suggests that ChatGPT,
with its language generation capabilities, holds promise for
supporting various stages of the software development process.

Secondly, the study highlights that human involvement, such
as providing additional bug information, enhances ChatGPT’s
bug fixing performance. This underscores the significance of
human expertise in improving the capabilities of automated
systems.

C. AI and ML for RE
In a survey, Liu et al. highlight the importance of RE in the

software development life cycle and discusses the role of AI
in improving the quality of requirements [44]. The authors
review recent studies on how AI techniques such as ML,
classification, and NLP have advanced the field of RE. They
note that applying suitable ML and NLP techniques to textual
requirements can help derive further meaning and improve the
performance of RE. The study suggests that the integration
of AI into the RE process can help requirement engineers
focus on creativity rather than mundane tasks. Liu et al. study
is directly related to the topic of our research paper as they
focus specifically on how AI could be used in the RE process.
The authors highlight different approaches, such as natural

language processing (NLP) and machine learning (ML), and
their applications in different RE tasks.

The next studies and works in this section center on research
that utilizes ML techniques in RE. They showcase various ML
applications in RE, such as predicting requirement changes and
identifying similar requirements. Additionally, relevant works
on requirement elicitation and classification are included to
address our research question on generating and classifying
requirements as FRs and NFRs.

Zamani et al. explore the use of ML in RE and its effec-
tiveness in improving the RE process and artifacts [45]. A
mapping study was conducted on empirical studies published
between 2010 and April 2020 revealing that ML is effective in
automating RE analysis tasks, reducing complexity, cost, and
time. However, there are gaps in the literature, specifically
in selecting criteria for ML techniques and determining the
relevance and appropriateness of datasets. Change impact
analysis and prediction modelling in RE are under-explored
areas.

A systematic mapping study on NLP for RE has been
conducted [46] but differs from this study [45] as it only
focuses on NLP, while this study [45] is about ML in RE.

In their article, Zhao et al. report on the mapping study of
Natural Language Processing for Requirements Engineering
(NLP4RE), which applies NLP techniques to the requirements
engineering process [46]. The study identified 404 primary
studies published over 36 years, with most of the studies fo-
cusing on requirements analysis, quality defect detection, and
requirements specification [46]. The study also extracted 130
RE-specific NLP tools and identified 231 NLP technologies,
with traditional analysis techniques, general-purpose tools,
and generic language lexicons being commonly used. The
study provides a conceptual framework for NLP4RE, identifies
research gaps and directions, and encourages more synergies
between the RE and NLP communities [46].

1) ML for user stories:
MUCE (ML-based User story Creation from Existing sto-

ries) is a tool developed and built for research purposes
[23]. It uses ML to generate user stories for agile software
development. It is related to the research question of whether
ChatGPT and similar AI technologies can generate accurate
and complete requirements for software development projects
because both MUCE and ChatGPT are using ML techniques
to automate parts of the requirements elicitation process. The
use of MUCE demonstrates the growing interest in using ML
to automate the requirements elicitation process in software
development.

The investigation of the use of ML in generating user stories
is related to the research topic since the user stories are a type
of requirements.

2) RE Classification:
This subsection focuses specifically on studies that have ex-

plored classification techniques in RE, including those related
to requirement categorization.

Despite efforts to automate the classification of requirements
into Functional Requirements (FR) and Non-Functional Re-



quirements (NFR) [51], current methods have not yet proven
efficient enough to fully replace the manual work required to
create high-quality software requirements specifications that
meet stakeholders’ needs [41]. Quba et al. [41], tried to com-
bine the BoW(bag-of-words) technique which is a type of tech-
nique extracting features through vectorization [42] from text,
and apply this technique separately with two ML algorithms,
Support Vector Machine (SVM) or k-nearest neighbors (KNN)
to see which one performs better in classifying requirements.
They believe that using BoW together with SVM algorithm
can help programmers for classification of requirements. The
article does not make any statement if their approach is better
than manual work but is relevant as it shows that there is
hope that ML will be useful for requirements elicitation and
that to automate the process of generating/categorize software
requirements automatically is a relevant topic closely related
to requirements generation.

In their paper [47], Abad et al. investigate automated clas-
sification of requirements into functional and non-functional
categories, as well as sub-classifying non-functional require-
ments into usability, availability, or performance categories.
The authors propose a pre-processing approach to standardize
and normalize requirements, which improves the performance
of existing classification methods. They also compare the
performance of several machine learning algorithms for sub-
classifying non-functional requirements and find that Bina-
rized Naı̈ve Bayes performs best. The study concludes that
additional or better sentimental patterns and sentence struc-
tures are needed for differentiating usability requirements from
other types of NFRs.

3) Automation of RE specification:
Panichella and Ruiz address the challenge of expediting

the time-to-market of high-quality software products during
digital transformation in their paper [43]. They introduce
Requirements-Collector, a tool that uses ML and deep learning
for automating requirements specification and user feedback
analysis in software development. The tool can classify re-
quirements from audio recordings of RE meetings and textual
feedback from user reviews with reliable accuracy. The study
aims to automate requirements specification and user feedback
collection to reduce time-to-market for software products using
a virtual reality requirements engineering room. Participants
can discuss requirements that are automatically specified as
user stories, and user reviews are automatically analyzed. The
tool incorporates virtual reality tools and interactive boards
for real-time editing of requirements. The study also presents
transcript and user review classifiers to support the automatic
requirements collector tool. The authors show that the use of
ML and DL computational mechanisms is effective in text
classification problems. The tool has the potential to reduce
manual tasks, improve communication, and ensure software
quality from the conception phase. The authors used the
Requirement-Collector tool to compare the performance of
over ten machine learning models and one deep learning
method in classifying transcripts and user feedback. Prelim-
inary results suggest that deep learning methods are more

appropriate for classifying transcripts, achieving an average
F-measure of 33%. The best performing ML model (SMO)
achieved an F-Measure of 77% for classifying user feedback
from user reviews [43].

4) Automation of both: RE elicitation and classification:
Surana et al. introduced a conversational chatbot and text

classification algorithms to automate requirements elicitation
and classification together [40]. The chatbot uses several ML
algorithms, including Natural Language Understanding, Natu-
ral Language Generation, Text Pre-processing, and Conditional
Random Field for Named Entity Recognition to elicit require-
ments. The elicited requirements are saved to a file, and a
text classification model is developed using the Bag-of-Words
approach, Term Frequency-Inverse Document Frequency (tf-
idf) [50], and Multinomial Naive Bayes (NB) [40], a popular
ML algorithm used for classification tasks, particularly in
Natural Language Processing (NLP) [48]. The process also
includes the use of Support Vector Machine (SVM) [49],
a type of supervised machine learning algorithm used for
classification and regression analysis. Both algorithms were
used to classify the elicited requirements into Functional and
Non-functional categories after elicitation, and the chatbot
was found to retrieve information from users accurately. The
proposed approach has limitations, including a limited set
of requirements and the need for extensive training data.
However, it can identify incomplete descriptions of system
requirements and accurately classify them.

D. Conclusion
ChatGPT is a relatively new technology that has gained

popularity in recent years. However, there is still a lack of
research conducted on ChatGPT. While some studies have
been conducted on the broader topic of natural language
processing and machine learning, there are few that focus
specifically on ChatGPT and none were conducted on its
capabilities in generating requirements.

This research is important as it fills a gap in the current
knowledge and understanding of ChatGPT’s abilities in gen-
erating requirements. By exploring the potential of ChatGPT
in this area, we can gain new insights into how it can be used
to streamline and improve the software development process.
Additionally, this research can help to identify areas where
ChatGPT may fall short, allowing for further improvements
and advancements in the technology.

III. RESEARCH METHODOLOGY

For our research we chose to use an experimental study. It
is an appropriate approach to explore the efficacy of ChatGPT
in generating requirements because it allows for a controlled
environment to evaluate ChatGPT-generated requirements and
human-written requirements. It provides a more objective
approach compared to other methodologies such as surveys
or case studies, which may be more subjective.

Through the study, we quantitatively measure the quality
and accuracy of requirements generated by ChatGPT and
compare them to human-written requirements using thematic



coding. The quality attributes we focus on align with the
characteristics outlined by the IEEE standard for individ-
ual requirement. As suggested by the IEEE, each stake-
holder, system, and system element requirement shall possess
the following nine characteristics: Necessary, Implementation
Free, Unambiguous, Consistent, Complete, Singular, Feasible,
Traceable, and Verifiable [53]. These attributes, as defined in
the International Standard ISO/IEC/IEEE 29148, are used as
criteria to assess the quality of the requirements.

This approach gives a valuable insights into the capabilities
and limitations of ChatGPT in generating requirements, and
inform potential improvements or applications of the technol-
ogy in the field of software engineering.

A. Research questions and hypotheses
There are three main research questions that guide our

study which are relevant to normative research as they seek to
evaluate the quality of ChatGPT generated requirements and
explore ways to improve them through feedback. The RQs aim
to evaluate the quality of ChatGPT generated requirements and
determine the ability of an AI detector to detect AI-generated
text. The relevant factors for these RQs could include the
criteria for defining the quality of a requirement, the type and
amount of feedback given to ChatGPT and the effectiveness
of the AI detector.

For each of the research questions and sub-research ques-
tions guiding the study we have defined two-sided hypothesis,
dependent and independent variables, and extraneous variables
as follows:

RQ1: How do requirements generated by ChatGPT
compare to human-written requirements in terms of the
nine requirement characteristics defined by the IEEE for
an individual requirement?

• H0: There is no significant difference in the quality of
ChatGPT-generated requirements compared to human-
written requirements, in terms of meeting the quality
attributes of an individual requirement as defined by the
IEEE.

• H1: There is a significant difference in the quality of
ChatGPT-generated requirements compared to human-
written requirements, in terms of meeting the quality
attributes of an individual requirements defined by the
IEEE.

For this research question, we have identified the following
dependent, independent and extraneous variables:

• Dependent variable: The quality of the requirement
generated (measured through a quality metric, e.g. com-
pleteness, consistency, singularity, etc.)

• Independent variable: The source of the requirement
(ChatGPT or human-written)

• Extraneous variables:
– Experience level of human writers: This variable

refers to the experience and expertise of the human
participants writing the requirements. It could influ-
ence the quality of the requirements and introduce

bias into the comparison. To control for this variable,
the human participants who wrote the requirements
were selected based on their background and experi-
ence in software engineering with at least 1 year of
professional experience in the field of SE.

– Prompt and instructions: This variable refers to the
difficulty level of the instructions. Complex and
different instructions may impact the accuracy of
results. Both ChatGPT and human participants were
provided with the same prompt and instructions
to ensure consistency and fairness in requirement
generation.

– Quality assessment: This variable refers to require-
ment quality interpretation which could introduce
subjectivity and potentially impact the consistency
and accuracy of the quality assessment of the re-
quirements generated by ChatGPT and human par-
ticipants. The requirements generated by both Chat-
GPT and human participants were evaluated using
thematic coding based on quality categories from
IEEE (ISO/IEC/IEEE 29148:2011) [53]. This cod-
ing allowed for the assessment of various quality
attributes such as completeness, consistency, singu-
larity, feasibility, traceability, and verifiability.

– Statistical analysis: The statistical analysis was con-
ducted with a Mann-Whitney U test to compare the
results gathered from quality evaluation of ChatGPT-
generated requirements and human-written require-
ments to control for more precise values. The Mann-
Whitney U test is non-parametric and can use ordinal
data [54].

RQ2: How does the quality of ChatGPT-generated
requirements vary across different versions, such as pre-
mium and freemium?

• H0: There is no significant difference in the quality
of ChatGPT-generated requirements across different ver-
sions, such as premium and freemium.

• H1: There is a significant difference in the quality of
ChatGPT-generated requirements across different ver-
sions, such as premium and freemium.

To investigate this research question, we have identified the
following dependent, independent, and extraneous variables as
well as two sub-research questions (sub-RQs) that serve as the
foundation for answering RQ2.

• Dependent variable: Quality of ChatGPT-generated re-
quirements (measured through a quality metric).

• Independent variable: Version of ChatGPT (premium
vs. freemium)

• Extraneous variables:
– Conscistancy and complexity of the prompt: Dif-

ferent and more complex prompts may be more
challenging for ChatGPT to generate accurate re-
quirements. To control for the potential influence
of prompt characteristics on requirement quality, we
ensured to the prompt and complexity of the prompt



remained consistent across all queries conducted in
both versions.

– The experience and expertise of the user querying the
prompt: To minimize the impact of user proficiency
on requirement quality, we used the same user with
consistent experience and expertise to query the same
prompt for each ChatGPT version, the premium and
freemium.

– The presence of any technical issues or internet
connectivity problems during the queries: Technical
issues or internet connectivity problems could cause
errors or delays in generating requirements, which
could impact the quality of the results. To mitigate
the potential effects of technical issues or internet
connectivity problems, we conducted the queries
under controlled conditions. By ensuring a stable and
reliable testing environment, we minimized disrup-
tions that could impact the quality of the generated
requirements and maintained a consistent evaluation
process.

The following sub-RQs, RQ2.1 and RQ2.2 provide a frame-
work for examining two factors that could influence the RQ2
and facilitate a systematic analysis of the data.

RQ2.1: How does feedback given to ChatGPT impact
the improvement of requirements’ qualities?

• H0: There is no significant improvement in the quality
of requirements generated by ChatGPT after the provided
feedback.

• H1: There is a significant improvement in the quality of
requirements generated by ChatGPT after the provided
feedback.

For this sub-research question, we have identified the fol-
lowing dependent, independent and extraneous variables:

• Dependent variable: The quality of the requirement
generated (measured through a quality metric).

• Independent variable: Feedback (presence or absence
of feedback given to ChatGPT)

• Extraneous variables:
– Quality of feedback given to ChatGPT: The quality

of the feedback given to ChatGPT could influence
the quality of the requirements it generates. If the
feedback is unclear or incorrect, ChatGPT may not
learn from it and may continue to generate low-
quality requirements. To manage this variable, we
ensured that the feedback given to ChatGPT was
clear, accurate, and consistent as demonstrated in the
Figures 1 and 2.

RQ2.2: What is the impact of querying the same prompt
multiple times on the quality of requirements generated
by ChatGPT?

• H0: There is no significant difference in the quality of
requirements generated by ChatGPT for the same prompt
when queried multiple times.

• H1: There is a significant difference in the quality of
requirements generated by ChatGPT for the same prompt
when queried multiple times.

For this sub-research question, we have identified the fol-
lowing dependent, independent and extraneous variables:

• Dependent variable: The quality of requirements gener-
ated by ChatGPT (measured through a quality metric).

• Independent variable: The number of times the same
prompt is queried on ChatGPT.

• Extraneous variables:
– Version of ChatGPT: Different versions of ChatGPT

may have varying levels of accuracy and perfor-
mance, which could impact the quality of generated
requirements. To control for variations in accuracy
and performance, we assigned each researcher to a
specific version of ChatGPT. One researcher was in
charge of the Free version based on GPT-3, while the
other researcher handled the Premium version based
on GPT-4. This ensured consistency in the testing
environment and eliminated the potential influence
of different versions on the quality of generated
requirements.

– The length and complexity of the prompt: We care-
fully maintained the length and complexity of the
prompt across all queries in both versions of Chat-
GPT. This approach aimed to minimize any bias in-
troduced by variations in the prompt’s characteristics,
ensuring that the comparison focused solely on the
effect of querying the same prompt multiple times.

– The experience and expertise of the user querying
the prompt: Users with more experience and ex-
pertise in the domain may be better able to craft
effective prompts that elicit high-quality require-
ments from ChatGPT. To control for the impact of
user proficiency on requirement quality, we used
the same experienced user for each version. Each
user possessed consistent experience and expertise in
the domain and was familiar with crafting effective
prompts that elicited high-quality requirements from
ChatGPT. By using the same user and prompt, we
reduced the potential influence of user variability on
the generated results.

RQ3: To what extent can an AI detector differentiate
between ChatGPT generated requirements and human-
written requirements?

• H0: The Content at Scale AI detector, specialized in
detecting AI-generated text, is not able to detect require-
ments generated by ChatGPT.

• H1: The Content at Scale AI detector, specialized in
detecting AI-generated text, is able to detect requirements
generated by ChatGPT.

For this research question, we have identified the following
dependent, independent and extraneous variables:



• Dependent variable: The detection accuracy of Content
at Scale AI detector. (measured using precision, recall
and F1-score on ChatGPT-generated requirements)

• Independent variable: The source of the requirement
(ChatGPT-generated or human-written)

• Extraneous variables:
– Length of the requirements: The length of the re-

quirements could affect the detector’s ability to de-
tect them. Shorter requirements may be more dif-
ficult to detect accurately. By using a set of 120
requirements in total. This set included contributions
from 6 participants, with each participant providing
10 requirements, in addition to the requirements
generated from 3 iterations of both the premium and
freemium versions of ChatGPT, making a total of 60
REs from ChatGPT. The set of 120 were tested at
once.

B. Relationships between RQs
The research questions in this study explore various aspects

of ChatGPT-generated requirements and their quality com-
pared to human-written requirements, as well as the potential
for improvement and detection.

RQ1 aims to compare the quality of requirements generated
by ChatGPT to those produced by humans. The evaluation
process involves analyzing the collected requirements from
human participants alongside those generated by ChatGPT.

Sub-RQ2.1 investigates whether the quality of requirements
improves when feedback is provided to ChatGPT. Feedback is
given based on the findings from RQ1, with the intention of
enhancing the quality of the generated requirements for both
the freemium and premium versions of ChatGPT.

Sub-RQ2.2 explores whether the quality of requirements
generated by ChatGPT improves when the same prompt is
queried multiple times. By repeating the prompt and analyzing
the data obtained from ChatGPT’s requirement quality evalua-
tion in RQ1, comparisons are made to identify any variations
in quality between the freemium and premium versions.

RQ2 examines the variation in the quality of ChatGPT-
generated requirements across different versions, including
premium and freemium. The results from RQ2.1 and RQ2.2
are analyzed to determine if there are significant differences
in quality among these versions.

In RQ3, the focus is on assessing the performance of
the Content at Scale AI detector, specialized in detecting
AI-generated text, in identifying requirements generated by
ChatGPT. The data collected in RQ1 and RQ2 are utilized
to evaluate the detector’s effectiveness in detecting ChatGPT-
generated requirements.

C. Participation and data collection
• Participants: The participants were recruited from soft-

ware engineering students that have professional experi-
ence within Software Engineering program as teaching
assistants and professionals with at least one year of
experience in writing software requirements.

• Background: The participants have knowledge of soft-
ware development and have experience in software re-
quirements engineering, including how to write clear,
concise, and complete requirements following IEEE re-
quirement quality.

The experiment consists of twelve phases as follows:
1) Phase 1 - Meeting participants:

The experiment involved a mix of software developers and
individuals with experience in software development and re-
quirement elicitation. Eleven human participants in total took
part of the experiment, five of the participants are professionals
in the industry within the field of software engineering, one
researcher expert in RE, while five are bachelor students that
have experience in writing software requirements specifica-
tions and experience as teaching assistants within Software
Engineering and Management Bachelor’s program offered by
the University of Gothenburg. In addition, the experiment
involves using both versions of ChatGPT, the AI chat-bot
model, the freemium (Model GPT-3) and the premium (Model
GPT-4).

The participants were asked to write requirements for a
hypothetical software project that gives an overview of a
domain problem description that needs solving. The hypo-
thetical software project is an application designed to handle
emergencies and disasters in Canada originally which we
adapted to be about Sweden that can be read in appendix A.

The hypothetical software project is one of the domain
problem descriptions written by Jennifer Horkoff, for the
DIT046 course at Gothenburg University, who agreed upon
using them. The task itself was designed to be completed
within a time frame of less than 30 minutes to ensure that
the task was feasible and could be comfortably accomplished
within a reasonable duration, out of consideration of our
participants professional engagements or studies.

Pilot experiment: We conducted a pilot experiment with
one participant prior to the main study. The purpose of the
pilot experiment was to test the feasibility and clarity of
the experiment design, task instructions, and any necessary
clarifications. By involving a single participant, we could make
sure that the task is feasible within the 30 minutes time frame
before proceeding with the main study.

Initial Meeting: Prior to the start of the experiment,
a meeting was organized with each participant. During this
meeting, we provided a detailed explanation of the experi-
ment, including the purpose, objectives, and tasks involved.
Participants had the opportunity to ask questions and seek
clarification to ensure a clear understanding of their roles
and responsibilities. The initial meeting conducted with each
participant lasted approximately 10 minutes. During this meet-
ing, we provided an overview of the experiment, including
the task, objectives, and expectations. Participants had the
opportunity to ask questions and seek clarification to ensure a
clear understanding of the requirements generation task.

Participant Form: To gather relevant background infor-
mation and ensure consistency in data collection, participants
were asked to complete a form. This form included sections



where participants could provide details about their occu-
pation, experience in software engineering, and confidence
in writing requirements. Additionally, the form included a
description of the problem, along with explanations differenti-
ating functional requirements (FR) and non-functional require-
ments (NFR). Furthermore, the form included a list of quality
attributes (Appendix B) and the rationale for their importance.
Participants were asked to note the time of starting the task.
The form also provided a structured format for writing require-
ments, with separate sections for the requirement description
and rationale (Appendix C).

Providing participants with a reminder of the quality at-
tributes and the difference between FR and NFR is important
to ensure that everyone involved in the experiment is on the
same page. This helps maintain consistency in the evaluation
process, which contribute to the overall quality and reliability
of the generated requirements in the experiment.

Ethical Considerations: Participants were informed about
the purpose of the experiment and their consent was obtained
before the experiment started. The data collected during the
experiment was anonymized and kept confidential. Participants
were free to withdraw from the experiment at any time without
penalty.

2) Phase 2 - Prompt ChatGPT freemium version:
In Phase 2 of the experiment, we continued our inves-

tigation by interacting with the free version of ChatGPT,
which is powered by the GPT-3 language model. The objective
was to explore the capabilities of ChatGPT in generating
qualitative requirements and distinguishing between functional
requirements (FRs) and non-functional requirements (NFRs)
for the same software project.

Similar to Phase 1, we provided the necessary prompts and
instructions related to the project to ChatGPT. The model
then generated a set of 10 requirements based on the input
it received. Our focus was not only on the overall quality of
the generated requirements but also on ChatGPT’s ability to
accurately identify and classify them as either FRs or NFRs.

Table I presents the prompt used to interact with ChatGPT
and the corresponding responses generated by the model. The
symbols used to differentiate the user’s input from ChatGPT
output:

• >: User prompt
• # : ChatGPT response
The requirements gathered from these interactions are pro-

vided in appendix D for reference.
By evaluating the outputs of ChatGPT, we aimed to assess

its performance in requirements generation and its under-
standing of the distinction between FRs and NFRs. This
analysis provides insights into the effectiveness and potential
limitations of the free version of ChatGPT in meeting the
quality criteria for software requirements.

3) Phase 3 - Prompt ChatGPT premium version:
In Phase 3 of the experiment, we extended our investigation

by engaging with the premium version of ChatGPT, which
utilizes an advanced language model, including the recently
released GPT-4. This version of ChatGPT is known for its

>Hi ChatGPT I have a task for you.

# Hello! I’m happy to help with any task you
have. Please let me know what you need assistance with.

>I want you to write 7 functional requirement and 3 non-functional
requirements based on a problem description and the qualities of a
good requirement for a software system that I will soon type to you.
A functional requirement defines what the system must do in order to
work correctly with the desired functionality and how it responds to
certain inputs within the system. In other words, the features or
capabilities of the system. On the other hand, a non-functional
requirement is used to describe system quality which could be tied
to the performance or fault tolerance for example to improve the
quality of the software for the end user. In other words, how well
something is done within the system.

# Sure, I’m happy to help you with that task. Please provide me
with the problem description and the qualities of a good requirement
for a software system. I will use that information to write the 7
functional requirements and 3 non-functional requirements you need.

>The 9 qualities of a good requirement that I want you to keep in
mind when writing requirements based on the problem description
I soon will write to you are the following,
1. Necessary: The requirement is essential for the capability of the
system and should be realistic to implement from the constraints of
the product.
2. Implementation Free: Implementation independent, which means
not saying how a system should do a requirement from a technical
standpoint but still be necessary.
3. Unambiguous: The requirements should only be able to be
interpreted one way
4. Consistent: Not conflicting with other ones or be the same thing
with different words
5. Complete: The requirement is measurable and containing all the
information needed for it to be implemented correctly
6. Singular: The requirement should not be a combination of many
requirements
7. Feasible: Should be realistic for the program (based on context)
8. Traceable: Can you understand why the requirements is there
(In this case the problem description)
9. Verifiable: The final entity should be testable. For example,
good is hard to test

# Thank you for providing the qualities of a good requirement.
Please provide me with the problem description so that I can begin
writing the functional and non-functional requirements.

>When writing the requirement I want to have a clear and concise
description and the reason behind the requirement as well written
in the form of,
Requirement Number: Id starting from 1
Description: Requirement
Rational: Reason behind requirement

# Thank you for providing the format. Please provide me with the
problem description so that I can begin writing the functional and
non-functional requirements.

Table I: Prompt used to interact with ChatGPT and responses
provided

enhanced capabilities in generating creative and high-quality
outputs.

The purpose was to assess the potential improvements in
ChatGPT’s performance in generating high-quality require-
ments and distinguishing between FRs and NFRs for the same
software project.



Just like in Phase 2, we provided the same prompts and
instructions related to the software project to ChatGPT. The
premium version of ChatGPT then generated a new set of 10
requirements based on the provided input. Our emphasis was
not only on the overall quality of the requirements but also on
ChatGPT’s accuracy in correctly categorizing them as FRs or
NFRs.

By comparing the results from Phase 2 (free version) and
Phase 3 (premium version), we aimed to gain insights into the
potential impact of using the premium version of ChatGPT on
the quality and classification of the generated requirements.
This comparison will provide valuable information on the
added benefits and relevance of upgrading to the premium
version of ChatGPT for requirements generation tasks.

4) Phase 4 - Evaluation of Requirement Quality:
In Phase 4 of the experiment, we evaluated the quality

of the requirements provided by both the participants and
ChatGPT (Free and Premium Versions) gathered in the Phases
1, 2 and 3, using thematic coding based on the quality
categories from the IEEE standard ISO/IEC/IEEE 29148:2011
for individual requirement [53]. In addition to the coding
process, we employed a scoring method to determine whether
the quality of each requirement was verified or not. In addition,
we have collected data regarding time spent by the human
participants in writing the form provided -including answering
background questions, reading description and writing REs.
We also timed both ChatGPT version so see interaction time
for generating REs.

RE quality evaluation: For each quality attribute, includ-
ing: Necessary, Implementation Free, Unambiguous, Consis-
tent, Complete, Singular, Feasible, Traceable and Verifiable we
assigned a score of 1 if the requirement fully met the quality
criteria, indicating that it was verified. Conversely, a score of
0 was assigned if the requirement did not meet the quality
criteria, indicating that it was not verified as shown in Table
II. To simplify the visualization in the table, each attribute was
represented by a number for brevity, as the table exceeded the
document’s size as follows: 1) Necessary, 2) Implementation
Free, 3) Unambiguous, 4) Consistent, 5) Complete, 6) Singu-
lar, 7) Feasible, 8) Traceable and 9)Verifiable.

RE
ID Type Description Rationale Quality attributes

1 2 3 4 5 6 7 8 9

101 FR

The system
shall provide
real-time
info about
thecurrent
disaster, for
instance,
the location,
and level of
the emergency.

If a user uses
the app in those
critical times,
they can get
up-to-date accurate
info about the
whereabouts of
the disaster,
so they can avoid
the area.

1 1 1 1 1 1 1 1 1

Table II: An example of a requirement evaluation

By using the scoring method, we were able to quantitatively
assess the level of quality for each requirement attribute. The
results of the scoring method for each attribute were recorded
in a table for both, FRs and NFRs, allowing us to analyze
the quality of requirements generated by the participants and
ChatGPT based on each attribute.

We have conducted the evaluation of requirements quality
based on the IEEE 29148:2011 standard in a collaborative
manner, taking into consideration the subjective nature of
judging certain quality aspects such as unambiguousness,
completeness, and verifiability. Initially, all requirements were
gathered in a shared document. One researcher performed the
initial evaluation, while the other researcher independently
reviewed the results. The goal was to ensure a comprehensive
and unbiased evaluation process. In instances where there
were disagreements or differences in evaluation results, both
researchers met to discuss and reevaluate the requirements
together. This collaborative approach allowed for the resolu-
tion of any discrepancies and the achievement of consensus
on the evaluated quality attributes. To further enhance the
accuracy of the evaluation, a portion of the results (20%)
was independently reviewed by Jennifer Horkoff, an expert
in Requirements Engineering. Her feedback was considered
valuable, and any necessary adjustments were made based
on her recommendations. Jennifer Horkoff confirmed that
the evaluation process was on the right track, even though
a few values may have changed as a result of her review.
Overall, the evaluation of requirements quality was performed
collaboratively, with regular discussions and expert input, to
ensure accuracy and reliability in accordance with the IEEE
29148:2011 standard.

Statistical analysis: We used the Mann-Whitney U Test to
compare scores of human written requirements and ChatGPT
generated requirements for both version.

The Mann-Whitney U test, also known as the Wilcoxon
rank-sum test, was chosen for this study to compare the quality
of requirements generated by ChatGPT with human-written
requirements. This non-parametric test is suitable for our study
because it does not assume a normal distribution of data and
can be used to analyze ordinal or continuous data [55].

The Mann-Whitney U test works by comparing the ranks of
two independent groups, in our case, the requirements gener-
ated by ChatGPT and human-written requirements. It evaluates
whether there is a significant difference in the distribution of
ranks between the two groups. The test calculates a U statistic,
which represents the sum of ranks for one group relative to
the other, and it also provides a p-value that indicates the
significance of the observed difference [56].

By using the Mann-Whitney U test, we can determine
whether there is a statistically significant difference in the
quality of requirements between ChatGPT-generated and
human-written requirements, specifically in terms of meeting
the quality attributes defined by the IEEE for an individual
requirement. This test allows us to make objective comparisons
and draw conclusions about the performance of ChatGPT in
generating requirements [55].

Time spent to formulate REs: In addition to REs quality
evaluation, we collected data on the time spent by human
participants to write requirements as illustrated in the graph
in Figure 6, and the time taken by ChatGPT to generate
requirements.

5) Phase 5 - Repeated Prompt on Freemium ChatGPT:



In Phase 5 of the experiment, we aimed to investigate
the potential improvement of requirements generated by the
freemium version of ChatGPT through the utilization of ma-
chine learning (ML) techniques.

To examine this, we repeated the prompt, which described
the hypothetical software project, two more times on the
freemium version of ChatGPT. By doing so, we sought to
assess whether the ML algorithms embedded in ChatGPT
would enhance the quality of the generated requirements with
each iteration.

The analysis of the results from this phase will provide
insights into the effectiveness of ML techniques employed
by ChatGPT in refining the requirements over successive
interactions. It will also contribute to our understanding of the
capability of the freemium version to leverage ML algorithms
for improvements in requirement generation.

6) Phase 6 - Repeated Prompt on Premium ChatGPT:
Similarily to Phase 5, in this phase of the experiment, we

focused on evaluating the performance of the premium version
of ChatGPT in generating requirements for the same software
project.

The objective was to investigate whether the enhanced
features and capabilities of the premium version would lead to
improved requirement generation compared to the freemium
version. By utilizing the premium version, which may have ac-
cess to advanced language models, more computing resources,
or additional training data, we aimed to assess any potential
differences in requirement quality and accuracy.

7) Phase 7 - Feedback to ChatGPT freemium on quality:
In Phase 7 of the experiment, we focused on providing

feedback to the ChatGPT free version regarding the quality
of its generated requirements. This phase was based on the
evaluation of the results obtained in Phase 4, where we
assessed the quality of requirements provided by ChatGPT.

To provide feedback, we utilized a specific prompt that
allowed us to address the missing quality attributes in each
requirement.The prompt was designed to highlight the areas
where the generated requirements could be improved in terms
of necessary attributes such as singularity, feasibility, and ver-
ifiability. The prompt used for providing feedback is depicted
in Figure 1, where it is clearly presented for reference. The
prompt served as a guiding framework to communicate to
ChatGPT the specific quality attributes that were lacking in
its generated requirements.

The process of providing feedback to the ChatGPT serves as
a valuable step in understanding the interplay between AI and
human involvement in improving the quality of requirements.
It contributes to our overall analysis of the experiment’s out-
comes and sheds light on the potential benefits of leveraging
human intervention in the requirements generation process.

8) Phase 8 - Feedback to ChatGPT premium on quality:
In Phase 8 of the experiment, our focus shifted to providing

feedback to the ChatGPT premium version regarding the
quality of its generated requirements. This phase followed a
similar approach to Phase 7, after we evaluated the results

Figure 1: Prompt for Feedback: Missing Quality Attributes in
ChatGPT Freemium Requirements

obtained in Phase 4 specifically for the ChatGPT premium
version.

Figure 2 illustrates the prompt that was used during this
feedback phase, providing a visual representation for refer-
ence. By utilizing this prompt, we were able to effectively
communicate the identified quality attribute deficiencies to the
ChatGPT premium version.

Figure 2: Prompt for Feedback: Missing Quality Attributes in
ChatGPT Premium Requirements

9) Phase 9 - Quality after feedback:
Phase 9 involved re-evaluating the quality of the require-

ments provided by ChatGPT for both versions, following
the feedback provided in Phase 8. This re-evaluation was
conducted using thematic coding based on quality categories
from IEEE, as explained in Phase 4. The purpose of this phase
was to assess whether the feedback provided to ChatGPT
had an impact on the quality of the generated requirements.
By applying the same thematic coding approach, we could
compare the updated requirements with the initial evaluation



and analyze any changes or improvements that occurred as a
result of the feedback.

10) Phase 10 - Quality after repeated prompts:
Phase 10 involved evaluating the quality of requirements

generated by ChatGPT for both the free and premium ver-
sions. This evaluation was conducted after using the same
prompt two additional times. The purpose was to assess if
repeated interactions with the prompt resulted in any changes
in requirement quality.

11) Phase 11: Using Content at scale AI Detector:
In Phase 11 of the experiment, we focused on evaluating

the set of requirements generated by both the ChatGPT free
version and premium version in Phases 2, 3, 5 and 6, as well
as the requirements written by six human participants gathered
in Phase 1. To ensure fairness in the comparison, we selected
these human participants (P1, P2, P6, P7, P8 and P11) based
on their average to good performance in requirement quality.

12) Phase 12: Analysing the results from AI detector:
The evaluation method we used to calculate precision,

recall, and F1 score provides a quantitative measure of the
performance of the Content at Scale AI detector in detecting
AI-generated requirements. These metrics are widely used in
information retrieval and machine learning tasks to evaluate
the effectiveness of classifiers or detectors.

The precision metric measures the accuracy of the detector
in correctly identifying AI-generated requirements among all
the requirements classified as AI-generated. A high precision
indicates a low rate of false positives, meaning that the
detector has a low tendency to incorrectly label human-written
requirements as AI-generated.

The recall metric, on the other hand, assesses the detector’s
ability to capture all the AI-generated requirements in the
dataset. It measures the proportion of correctly identified AI-
generated requirements out of all the actual AI-generated
requirements. A high recall indicates a low rate of false
negatives, suggesting that the detector can effectively identify
most of the AI-generated requirements.

The F1 score combines both precision and recall into a sin-
gle metric that balances the trade-off between them. It provides
a comprehensive evaluation of the detector’s performance,
taking into account both false positives and false negatives. A
higher F1 score indicates a better overall performance of the
detector in accurately identifying AI-generated requirements.

Since we had a total of 60 requirements generated by each
version of ChatGPT in all three iterations (10 requirements
each), we decided to include an equal number of requirements
from the human participants to maintain a balanced dataset.
This resulted in a set of 60 human-written requirements in
total.

To assess the quality and effectiveness of the generated re-
quirements, we utilized the Content at Scale AI detector. This
detector is a tool designed to detect AI-generated content. By
subjecting the set of requirements to this detector, we aimed
to evaluate the ability of ChatGPT in generating requirements
that can be distinguished from human-written requirements.

D. Data collection
The data collection primarily consists of:
Qualitative data: by gathering textual responses from the

participants and ChatGPT both versions in the form of re-
quirements. In addition, data gathered from the AI detector to
verify whether ChatGPT generated requirements are detected
as AI generated.

Quantitative data: gathered by checking how many quality
attributes were met for both, human-written and ChatGPT
generated requirements, using Mann-Whitney U Test to com-
pare scores, and precision recall and F1-score to measure the
accuracy of AI detector.

We have defined the exact commands used for interaction
with ChatGPT to generate the requirements already in Table
I, in addition all requirements generated are available in
appendix F.

The following data has been collected during the experi-
ment:

a) Background information about participants in
Phase 1

b) Requirements written by the participants in Phase
1.

c) Requirements generated by freemium version of
ChatGPT in Phase 2.

d) Requirements generated by premium version of
ChatGPT in Phase 3.

e) Requirements generated by both version of Chat-
GPT after feedback in Phase 9.

f) Requirements generated by both versions of Chat-
GPT in phase 10 after 2 iterations.

g) Results of the AI detector in Phase 12.

E. Data analysis
Thematic analysis [24] is a good way to conduct the

experiment because it allows for an in-depth exploration of
the data and identification of patterns and themes that may not
be immediately apparent. We already have a set of predefined
themes, which are the quality attributes of the software require-
ments: necessary, implementation free, unambiguous, consis-
tent, complete, singular, feasible, traceable and verifiable, see
appendix B for a short description of each quality attribute.
We will also use another theme for categorising Functional
Requirements (FR) and Non-Functional Requirements (NFR)
[51].

We conducted thematic analysis on the generated require-
ments from ChatGPT and the requirements we have gathered
from participants in order to apply the themes help us measure
the quality of the requirements. A software requirement is
considered ”good” if it is: necessary, implementation free, un-
ambiguous, consistent, complete, singular, feasible, traceable
and verifiable [25].

Furthermore, the use of a template for requirement quality
analysis, allows for a standardized and objective evaluation
of the quality of the requirements. The template includes
predefined qualities used as a reference, and scores assigned
based on whether these qualities are present or not in each



requirement. The scores used were 1 and 0 that correspond
respectively to quality verified in the requirement and not
verified

We used the Mann-Whitney U test in this study to com-
pare the quality of requirements generated by ChatGPT with
human-written requirements. The choice of the significance
level (p-value) in hypothesis testing is a subjective decision
influenced by various factors. In our study, we selected a
significance level of 0.05 (95% confidence level), which is
a common convention in many research disciplines. This level
of significance allows for a 5% chance of making a Type I
error, where we reject the null hypothesis when it is actually
true. The significance level serves as a criteria value to ensure
generalizability and provide relatively high confidence that the
results are not due to chance.

Setting a higher significance value could risk drawing false
conclusions about the applicability of using ChatGPT in re-
quirements engineering and quality of generated requirements.
It also increases the likelihood of making a Type I error.

On the other hand, choosing a lower significance level
could lead to a higher risk of Type II errors, where we fail
to reject a false null hypothesis. This could falsely indicate
limitations of ChatGPT and impede advancements in utilizing
ChatGPT for requirements engineering. Therefore, we believe
that 0.05 strikes a balance, limiting both false positives and
false negatives, and providing results that are reliable for
decision-making. Overall, the choice of the 0.05 significance
level ensures a reasonable trade-off between the risks of Type I
and Type II errors, allowing for meaningful conclusions while
minimizing the potential for erroneous interpretations.

F. Limitations
We have defined several validity threats and limitations for

our experiment, as described below:
1) Internal validity threats: These are threats to the ability

of the experiment to draw accurate conclusions about
cause-and-effect relationships. The following internal
validity threats might be present in our experiment:

• Selection bias: The participants in the study are soft-
ware engineering students and professionals who
have experience in writing software requirements.
This may limit the generalizability of the results to
other populations.

• Maturation: The quality of the requirements gen-
erated by ChatGPT may change over time due to
factors such as learning and updates, which could
affect the results.

• Instrumentation: The quality metrics used to eval-
uate the requirements may not be sensitive enough
to capture all aspects of requirement quality.

2) External validity threats: These are threats to the
ability of the experiment to generalize the results to other
settings or populations. The following external validity
threats might be present in our experiment:

• Artificial task: The requirements generated in the
study may not be representative of real-world re-

quirements, which could limit the generalizability
of the results.

• Use of ChatGPT: The versions of ChatGPT used in
the study may not be representative of other versions
or AI models, which could limit the generalizability
of the results.

3) Construct validity threats: These are threats to the ex-
tent to which the measures used in the study accurately
measure the constructs they are intended to measure. The
following construct validity threats might present in our
experiment:

• Quality metrics: The quality metrics used to evalu-
ate the requirements may not accurately capture all
aspects of requirement quality, leading to incom-
plete or biased results.

• Feedback quality: The quality of the feedback given
to ChatGPT may not accurately reflect the quality
of the requirements generated, which could affect
the results.

• Detection accuracy: The Content at Scale AI de-
tector used to evaluate the requirements may not
accurately detect AI-generated text, leading to inac-
curate results.

IV. RESULTS

In this section, we present the results of our experiment,
focusing on the data collected from the participants, as well as
the performance of both the freemium and premium versions
of ChatGPT in generating requirements. Additionally, we
examine the effectiveness of the AI detector in detecting
requirements. Our aim is to address the research questions
(RQs) that guided this study.

To ensure clarity and organization, we first present the
results in a phase-wise manner, highlighting the phases where
significant data were obtained. This allows for a comprehen-
sive understanding of the experimental progress and provides
insights into the connections between the RQs. Subsequently,
we proceed to answer the RQs based on the accumulated
findings.

A. Phase 1 - Participants

Our experiment included a total of 11 participants who
contributed by providing their inputs. Each participant was
requested to write a set of 10 requirements, consisting of 7
FRs and 3 NFRs (Appendix E).

Table III provides an overview of the demographic infor-
mation of the participants who took part in our experiment.
The table presents key details about each participant, including
their current occupation, experience in their current occu-
pation, experience in Software Engineering, and their self-
assessed confidence in writing requirements.

The participant information reveals the diverse background
and experiences of the individuals involved in the study.
We had a total of 11 participants, including 4 students, 6
practitioners in the field of Software , and a researcher in REs.



Partipants Occupation Experience in current
occupation Experience in SE

Confidence in
writing REs

(0-5)

P1 Student 2-5 years 2-5 years 3
P2 Practitioner >5 years 5-10 years 4
P3 Practitioner <2 years 5-10 years 4
P4 Practitioner >5 years 2-5 years 5
P5 Student 2-5 years 2-5 years 3
P6 Practitioner >5 years >10 years 4
P7 Researcher >5 years >10 years 4
P8 Practitioner <2 years 2-5 years 3
P9 Practitioner <2 years <2 years 2
P10 Student 2-5 years 5-10 years 4
P11 Student 2-5 years <2 years 4

Table III: Demographics of the participants that contributed in
the experiment

Their occupations varied, providing a mix of perspectives and
expertise.

In terms of experience in their current occupation, we
had participants with different ranges. Some participants had
been students or practitioners for 2-5 years, while others had
more than 5 years of experience. Similarly, when it came
to their experience in Software Engineering, participants had
varying durations, with some having 2-5 years of experience,
others having 5-10 years, and a few having over 10 years
of experience. Most of our participants have over 2 years
experience in SE as represented in Figure 3.

Figure 3: Distribution of Years of Experience in Software
Engineering Among Participants graph

Participants’ confidence in writing requirements varied
among the group, with ratings ranging from 2 to 5 on a scale
of 0 to 5. A rating of 0 indicates no confidence in writing
requirements, while a rating of 5 represents high confidence in
this skill. The values indicate different levels of self-assessed
proficiency. It’s worth noting that the confidence levels did
not necessarily correlate with their years of experience, sug-
gesting that factors other than experience may influence their
confidence in this particular task.

It is noteworthy to mention that all the the students par-
ticipating in the experiment have background as Teaching
Assistants in the Software Engineering and Management pro-
gram at the University of Gothenburg. They have gained
practical experience in requirements engineering through their

involvement in academic software projects. This hands-on
exposure to software development and requirement gathering
has enhanced their understanding of the process and their
ability to apply theoretical knowledge in practical settings.

Overall, the participant group represented a mix of back-
grounds, experiences, and confidence levels, contributing to
the diversity of perspectives in the study.

B. Phase 4 - Evaluation of Requirement Quality
1) RE quality evaluation:
Figure 4 provides an overview of the result analysis, focus-

ing on the evaluation of requirement quality based on specific
attributes. It visually presents the number of requirements
for each participant that met a particular quality attribute.
Appendix G provides a illustration of the same results based
on quality attributes met in the requirements collected.

The results of the evaluation indicate the number of require-
ments that met specific quality attributes for each participant.
Overall, most participants achieved high scores across various
quality attributes, demonstrating a good level of requirement
quality.

Based on the summarized description of the results, par-
ticipants generally scored well across most of the quality
attributes. Attributes such as “Necessary,” “Implementation
Free,” “Unambiguous,” and “Consistent” received high scores,
indicating that participants were able to meet these criteria
effectively in their requirements.

On the other hand, attributes such as “Complete,” “Singu-
lar,” “Feasible,” “Traceable,” and “Verifiable” received rela-
tively lower scores. This suggests that participants faced chal-
lenges in fully addressing these aspects in their requirements,
potentially indicating areas for improvement.

There were a few anomalies observed in the results. For
participants P1, P2, P6, P10, and P11, there were cases where
requirements categorized as FRs should have been classified as
NFRs. This indicates a misclassification or misinterpretation
of the requirement type.

In the evaluation of the ChatGPT free version -based on
GPT-3 model- group, the scores were generally high across
most of the quality attributes. Attributes such as “Necessary,”
“Implementation Free,” “Consistent,” and “Feasible” received
perfect scores, indicating that ChatGPT free version performed
well in these areas.

There were relatively lower scores for attributes such
as “Unambiguous,” “Complete,” “Singular,” “Traceable,” and
“Verifiable.” This suggests that ChatGPT-free may have en-
countered challenges in fully meeting these quality criteria.

In comparison to the participant group, ChatGPT-free gen-
erally performed well, achieving high scores across most
of the quality attributes. The scores for attributes such as
“Necessary,” “Implementation Free,” “Consistent,” and “Fea-
sible” were comparable or even higher than the scores of the
participants.

However, there were some quality attributes where
ChatGPT-free scored lower than the participants. These
attributes include “Unambiguous,” “Complete,” “Singular,”



Figure 4: Overview on Results of Requirement Quality Evaluation Based on Quality Attributes including FRs and NFRs

“Traceable,” and “Verifiable.” The participants generally out-
performed ChatGPT-free in these areas.

During the evaluation process, there was a specific case
where ChatGPT generated a non-functional requirement that
was mistakenly classified as a functional requirement. This
occurrence highlighted a discrepancy in the classification of
the requirement.

These differences suggest that while ChatGPT-free showed
promising results in generating requirements, there are still
some aspects where human participants demonstrated better
performance. This highlights the need for further evaluation
and improvement to enhance ChatGPT’s ability to meet all
quality attributes at the same level as human-generated re-
quirements.

In comparison to the participant group, ChatGPT Premium
(ChatGPT-Pre) exhibited mixed results in terms of meeting
the quality attributes of the requirements. On a positive note,
ChatGPT-Pre performed well in attributes such as “Necessary,”
“Implementation Free,” “Consistent,” “Feasible,” and “Trace-
able,” scoring relatively high. However, there were certain
areas where ChatGPT-Pre showed lower scores compared
to the participants. These attributes include “Unambiguous,”
“Complete,” “Singular,” and “Verifiable,” where ChatGPT-Pre
scored lower than the participants.

Figure 5 illustrates the comparison of ChatGPT-Free and
ChatGPT-Pre in terms of various quality attributes during
Phase 1. The results indicate that ChatGPT-Free generally out-
performed ChatGPT-Pre in several quality attributes, including
implementation free, unambiguousness, completeness, and sin-
gularity. On the other hand, both groups exhibited consistency

Figure 5: ChatGPT performance: Comparison between the
freemium and premium versions

and achieved high scores for the necessary attribute, feasibility,
traceability, and verifiability.

This suggests that both versions of ChatGPT demonstrate
competence in certain quality aspects, while ChatGPT-Free
shows an advantage in specific areas.

2) Statistical analysis:
The results of using Mann-Whitney U Test to compare

scores of human written requirements and ChatGPT generated
requirements for both version suggests the following:



Free version of ChatGPT: The total scoring of the at-
tributes can be seen in in the appendix D. Table IV shows the
p-value for all the attributes when the variance was not equal
to zero. The two quality attributes necessary and consistent
both had zero variance between human written and ChatGPT
generated requirements which means there is no difference in
the data values for this quality attribute. When comparing the
human written requirements to the ones generated by the free
version of ChatGPT there is no significant statistical difference
in any of the other quality attributes except for singular.
Singular got a p-value < 0.05 which is our chosen significance
value. This indicates we can reject the null hypothesis for the
quality attribute singular, but we can not reject it for any of
the other quality attributes.

W df p

Implementation Free 19.000 0.703
Unambiguous 12.000 0.258
Complete 19.000 0.688
Singular 2.500 0.012
Feasible 18.500 0.675
Traceable 11.000 0.209
Verifiable 18.000 0.625

Table IV: P-values when comparing generated requirement
from the free version of ChatGPT with human written require-
ments.

Premium version of ChatGPT: Table V shows the four
quality attributes that did not have zero variance. Similiar to
the free version we can not reject the null hypothesis for
RQ1 when using the paid version of ChatGPT except for
the quality attribute singular. The p-value for singular < 0.05
when comparing to human written requirements. This means
we can reject the null hypothesis when using the paid version
of ChatGPT for the quality attribute singular but can not reject
it for any other quality attribute.

W df p

Implementation Free 19.000 0.703
Unambiguous 21.000 0.793
Complete 15.500 0.467
Singular 5.000 0.030

Table V: P-values when comparing generated requirement
from the paid version of ChatGPT with human written re-
quirements.

The data presented in Tables IV and V indicate that, for the
majority of attributes related to the IEEE requirement quality
of an individual requirement, there is no significant difference
between human-written requirements and those generated by
either the free or premium version of ChatGPT. However, a
significant difference was observed for the attribute ”Singular”
in both cases.

It is important to note that the chosen analysis has its limits.
First, the Mann-Whitney U Test is a non-parametric test used
to compare two independent groups, making it suitable for
our study design. However, it does not provide information

about the magnitude of the differences observed. Additionally,
since the judgment of quality aspects of requirements can be
subjective, the statistical analysis may not fully capture all
nuances and subjective interpretations.

3) Time spent to formulate REs:
The graph in Figure 6 illustrates the time spent by human

participants to write requirements.

Figure 6: Time human participants spent to write 10 REs

Duration spent to write 10 REs: The time taken by partic-
ipants to write 10 requirements varies. The range is from 8
minutes and 51 seconds to 1 hour, 3 minutes, and 1 second.
The average time spent is around 30 minutes.

Time differences: The duration spent to write the require-
ments does not seem to correlate directly with participants’
occupation or experience level. For example, some participants
with less experience took less time compared to those with
more experience.

During the entire interaction, including prompts and re-
sponses, the total time taken by ChatGPT-Free was 2 minutes,
while ChatGPT-Premium took approximately 1 minute as
shown in Table VI summarizing the time durations.

ChatGPT-Free ChatGPT-Premium
Duration 2 minutes 1 minute

Table VI: Total duration of interaction with ChatGPT both
versions to generate REs

The results suggest, in terms of time efficiency, AI-based
models offer an advantage by reducing the time required for
requirement generation compared to humans.

C. Phase 9: Re-evaluating the quality of the requirements
provided by ChatGPT for both versions after feedback

Upon analyzing the results illustrated in Figure 7, it is
evident that there were notable improvements in the quality
of requirements generated by both versions of ChatGPT after
receiving feedback.

For the ChatGPT-Free version, the requirements showed
significant enhancements across multiple quality attributes.
The scores for necessary, implementation free, consistent, and



Figure 7: Changes in Requirement Quality after Feedback:
Comparison of ChatGPT Versions including all the quality
attributes

feasible requirements remained consistently high throughout
the evaluation process. However, there was a noticeable im-
provement in unambiguous, complete, singular, traceable, and
verifiable requirements after the feedback was provided.

Similarly, for the ChatGPT-Pre version, there was an overall
improvement in the quality of requirements. The scores for
necessary, implementation free, consistent, feasible, traceable,
and verifiable requirements remained consistently high. No-
tably, there were substantial improvements in unambiguous,
complete, singular, and consistent requirements after incorpo-
rating the feedback.

Figure 8: Changes in Requirement Quality after Feedback:
Comparison of ChatGPT Versions in Specific Attributes

The data provided in Figure 8 represents the evaluation of
requirement quality using specific quality attributes. The focus
is on the areas where changes were observed, either for the
better or worse.

For the attribute ”Implementation Free,” the ChatGPT Free
initially scored 10, indicating a high level of implementation
freedom. However, in the ChatGPT Pre, the score was slightly
lower at 9. After receiving feedback, both improved their
scores, with ChatGPT-Free reaching a perfect score of 10,
while ChatGPTPre maintained its score of 10.

Similarly, in the ”Unambiguous” attribute, the Chat-
GPT Free had a score of 7 initially, which was lower than
the ChatGPT Pre’s score of 6. However, after feedback, both
improved significantly, with ChatGPT-Free achieving a perfect
score of 10, and ChatGPT-Pre improving to 10.

In terms of completeness, the ChatGPT Free scored 7
initially, while the ChatGPT Pre scored 6. After feedback,
both made progress, with ChatGPT-Free reaching a score of
10, and ChatGPT-Pre improving to 9.

For the attributes ”Singular,” ”Traceable,” and ”Verifiable,”
both initially showed lower scores, indicating room for im-
provement. However, after feedback, significant improvements
were observed, with both reaching perfect scores of 10 in these
areas.

It is worth mentioning that when we provided feedback to
ChatGPT about a requirement, pointing out that a functional
requirement should actually be a non-functional requirement
and highlighting missing qualities, ChatGPT generated an
NFR with enhanced quality, as we observed.

The feedback provided to both versions of ChatGPT seemed
overall to have a positive impact on the generated require-
ments, resulting in higher scores across various quality at-
tributes. The improvements indicate the ability of ChatGPT to
learn from feedback and adjust its outputs accordingly.

Attribute Free Before Free After Change in %
Unambiguous 7 10 42.9%

Complete 7 10 42.9%
Singular 9 9 -

Traceable 9 9 -
Verifiable 7 9 28.6%

Table VII: Attribute scores of the Free version of ChatGPT
before and after feedback

Attribute Premium Before Premium After Change in %
Impl. Free 9 10 11.1%

Unambiguous 6 10 66.7%
Complete 6 9 50%
Singular 6 10 66.7%
Verifiable 6 10 66.7%

Table VIII: Attribute scores of the Premium version of Chat-
GPT before and after feedback

The percentage increase in scores, as shown in the Tables
VII and VIII demonstrates the effectiveness of providing
feedback to ChatGPT in improving requirement qualities for
both versions.



In terms of improvement, the Free version performed bet-
ter in the attributes of Unambiguousness and Completeness,
with a change of 42.9% for both attributes. The Verifiability
attribute also improved by 28.6%. On the other hand, the
Premium version demonstrated higher improvement percent-
ages in attributes such as Unambiguousness, Completeness,
Singular, and Verifiability, with changes of 66.7% for all these
attributes. The Implementation Freedom attribute showed a
relatively smaller improvement of 11.1%.

Overall, the Premium version showed higher improvement
percentages in most attributes compared to the Free version.
However, it is important to note that both versions displayed
positive changes, indicating that the feedback had a beneficial
impact on the quality of the generated requirements.

These results suggest that the iterative process of providing
feedback to ChatGPT can contribute to the enhancement of
requirement quality, especially the premium version, highlight-
ing the potential of leveraging human interaction to improve
the performance of AI-based requirement generation systems.

D. Phase 10 - Quality after repeated prompts

Figure 9: Overview on Changes in Requirement Quality for
ChatGPT both Versions in three iterations

The results illustrated in Figure 9 show variations in re-
quirement quality across different attributes for both ChatGPT
versions. For the free version, the quality of requirements
showed some fluctuations over the three iterations. The pre-
mium version also exhibited variations in quality, but to a
lesser extent.

1) ChatGPT Free Version iterations:
The graph presented in Figure 10 illustrates the results

of the evaluation conducted on the ChatGPT free version
across multiple iterations. The data focuses on various quality
attributes of the generated requirements, including Necessary,
Implementation Free, Unambiguous, Consistent, Complete,
Singular, Feasible, Traceable, and Verifiable. Each iteration
of the ChatGPT free version is represented by a different
data point on the graph. The graph provides insights into the
performance and improvement of the ChatGPT free version
over the course of multiple iterations.

Figure 10: Changes in Requirement Quality for ChatGPT Free
Version in three iterations

Across the three iterations of the ChatGPT free version,
there were both consistent aspects and changes observed
in the quality attributes of the generated requirements. The
necessary attribute remained consistent, with all requirements
meeting this criterion in each iteration, indicating that essential
elements were included.

Implementation free: the first iteration had the highest
number of requirements (10) satisfying this attribute. However,
in the second iteration, one requirement received a lower
score in this aspect, and in the third iteration, the number
of implementation free requirements decreased slightly to 9.

Unambiguousness: saw a decrease in the second and third
iterations, with fewer requirements (6 and 7, respectively)
being unambiguous compared to the previous iterations.

Consistency: was maintained throughout all iterations, in-
dicating that the generated requirements were coherent and
aligned with the project context.

Completeness: decreased slightly in the second and third
iterations, with one less requirement considered complete
compared to the previous iterations.

Singularity: decreased across the iterations, with fewer
requirements focusing on individual functionalities.

Feasibility: showed slight variations, with the second itera-
tion having one requirement with a lower score in this aspect.

Traceability and verifiability: had minor changes, but over-
all, most requirements remained traceable and verifiable across
the iterations.

The analysis reveals variations in requirement quality across
different iterations of ChatGPT free version. While some at-
tributes remained consistent, others showed fluctuations, such
as unambiguousness, completeness, singularity, and traceabil-
ity.

2) ChatGPT Premium Version iterations:
The analysis of the premium ChatGPT-generated require-

ments for each iteration revealed consistent patterns and some
variations in different quality attributes as shown in Figure 11.
In the first iteration, all requirements met the necessary quality
attribute, indicating their inclusion of essential elements. Most



Figure 11: Changes in Requirement Quality for ChatGPT
Premium Version in three iterations

requirements were implementation free, not specifying specific
implementation details. The majority of requirements were
unambiguous and maintained consistency with the project
context. However, there was a slight decrease in the com-
pleteness of the requirements, with one requirement lacking
certain aspects. The attribute of singularity also decreased,
as fewer requirements focused on individual functionalities.
Nonetheless, the requirements remained feasible, traceable,
and verifiable.

Moving to the second iteration, the necessary attribute re-
mained consistent, with all requirements meeting this criterion.
All requirements continued to be implementation free, and the
attribute of unambiguousness showed an improvement, with
more requirements being clear and precise. The requirements
maintained consistency, completeness, and feasibility. There
was an increase in the attribute of singularity, with more
requirements focusing on individual functionalities. The trace-
ability and verifiability attributes remained consistent, ensuring
easy tracking of the requirements’ origin and their objective
testability.

In the third iteration, the necessary attribute remained con-
sistent, and all requirements continued to be implementation
free and unambiguous. The requirements maintained consis-
tency and feasibility, with a slight increase in completeness and
singularity compared to the previous iterations. However, the
attribute of traceability showed a slight decrease, with fewer
requirements being easily traceable. The verifiability attribute
remained consistent, indicating that the requirements could be
objectively tested.

The premium ChatGPT-generated requirements demon-
strated a consistent to better level of quality across the itera-
tions, meeting the necessary criteria and exhibiting implemen-
tation freedom, unambiguousness, consistency, completeness,
singularity, feasibility, traceability, and verifiability.

In summary, in terms of specific attributes, the free version
demonstrated improvements in the Feasible and Verifiable
categories over the iterations. However, there were inconsisten-
cies in the Singular and Unambiguous attributes. The premium

version generally maintained a high level of quality across
most attributes, with slight improvements in Unambiguous and
Singular categories over the iterations.

E. Phase 12: Analysing the results from AI detector
We have defined the following value categories to evaluate

the accuracy of AI detector Content at Scale in detecting AI
generated requirements:

• True Positives (TP): The number of AI-generated re-
quirements correctly detected by the detector.

• False Positives (FP): The number of human-written
requirements incorrectly detected as AI-generated by the
detector.

• True Negatives (TN): The number of human written
requirements were correctly classified as human-written
by the detector.

• False Negatives (FN): The number of AI-generated
requirements incorrectly classified as human-written by
the detector.

Given that each version of ChatGPT generated a total of
60 requirements across all three iterations (with each iteration
producing 10 requirements), we elected to include the same
number of requirements from the human participants in order
to keep the dataset balanced. Consequently, this approach led
to a total compilation of 120 requirements.

Out of the total 60 AI-generated requirements, the detector
correctly identified 8 requirements as AI-generated, resulting
in true positives (TP).

However, there was 1 false positive (FP), where a human-
written requirement was mistakenly classified as AI-generated
out of 60 by the detector.

There were 59 true negatives (TN), where human-written
requirements correctly classified as human-written by the
detector.

Furthermore, there were 53 false negatives (FN), where AI-
generated requirements were incorrectly classified as human-
written by the detector. This means that the detector failed to
recognize these requirements as being generated by ChatGPT.

Human-RE AI-RE TP FP FN
Count 60 60 8 1 53

Table IX: Values extracted to evaluate AI Content Detector:
Content at Scale accuracy

These results as summarised in Table IX highlight both the
strengths and limitations of the Content at Scale AI detector
in accurately distinguishing between AI-generated and human-
written requirements. While it demonstrated true positive rate,
there were some instances of misclassifications, leading to
false positives and false negatives.

Metric TP FP FN Precision Recall F1 Score
Value 8 1 53 0.8889 0.1333 0.2319

Table X: Performance Metrics for Content at Scale AI Detector
in Detecting AI-Generated Requirements



The precision is approximately 0.889, indicating that out of
all the requirements classified as AI-generated, around 88.9%
were actually AI-generated.

The recall is approximately 0.133, suggesting that the
detector only captured around 13.3% of all the AI-generated
requirements.

The F1 score, which combines precision and recall, is
approximately 0.231. It provides a balanced measure of the
model’s performance, taking into account both false positives
and false negatives.

This suggests that the detector has difficulty accurately
identifying AI-generated requirements and tends to miss a
significant number of them.

F. Answers to Research Questions

RQ1: How do requirements generated by ChatGPT
compare to human-written requirements in terms of the
nine requirement characteristics defined by the IEEE for
an individual requirement?

Based on the collected data and analysis in Phase 4, it’s
clear that ChatGPT, in both its free and premium versions,
performs reasonably well in generating software requirements,
matching the quality of human-written requirements in several
IEEE requirement quality attributes. However, it falls short
in the ”Singular” attribute and is generally outperformed by
experienced human practitioners and researchers, particularly
in terms of unambiguousness and completeness.

A Mann-Whitney U Test was used to compare scores of
generated and human written requirements. The collected data
in Tables IV and V show that, for most attributes of the
IEEE requirement quality of an individual requirement, there is
no significant difference between human-written requirements
and those generated by either the free or premium version of
ChatGPT.

In other words, the null hypothesis (H0) cannot be rejected
for most quality attributes. However, in both cases, there is
a significant difference for the attribute ”Singular,” leading to
the rejection of H0 and the acceptance of H1 for this attribute.

RQ2: How does the quality of ChatGPT-generated
requirements vary across different versions, such as pre-
mium and freemium?

To address this research question, we conducted an in-
vestigation into the performance of both ChatGPT versions
after receiving feedback (Sub RQ2.1) in terms of requirement
quality. Additionally, we examined the impact of querying the
same prompt multiple times (Sub RQ2.2) on the generated
requirements.

• RQ2.1: How does feedback given to ChatGPT impact
the improvement of requirements’ qualities?

To test the hypotheses, we evaluated the results obtained
from the feedback given to ChatGPT in Phase 9 of the
experiment, we analyzed the results obtained after providing
feedback to both the free and paid versions of ChatGPT.

The data showed that both the free and premium versions
of ChatGPT demonstrated improvement in various quality
attributes after receiving feedback, as shown in Tables VII
& VIII. The scores increased in multiple attributes.

Based on these observations, we can reject the null hy-
pothesis (H0) and accept the alternative hypothesis (H1).
The feedback provided to ChatGPT resulted in a significant
improvement in the quality of requirements generated by the
system. This suggests that providing feedback can effectively
enhance the requirement qualities of ChatGPT.

These findings highlight the value of incorporating feed-
back mechanisms in ChatGPT for requirement generation
and emphasize the potential for improvement through human
interaction.

• RQ2.2: What is the impact of querying the same
prompt multiple times on the quality of requirements
generated by ChatGPT?

Based on the results obtained from the analysis detailed
in Phase 10, we observed variations in the quality of re-
quirements generated by ChatGPT for the same prompt when
queried multiple times. These variations were evident in both
the ChatGPT free version and the premium version.

The ChatGPT free version showed fluctuations in several
quality attributes across different iterations, including unam-
biguousness, completeness, singularity, and traceability. While
some attributes remained consistent, others demonstrated im-
provements or slight variations.

On the other hand, the premium ChatGPT-generated re-
quirements consistently exhibited a better level of quality
across the iterations. They consistently met the necessary
criteria and demonstrated higher scores in attributes such as
implementation freedom, unambiguousness, consistency, com-
pleteness, singularity, feasibility, traceability, and verifiability.

Based on these findings, we can reject the null hypothesis
(H0) and conclude that there is a significant difference in
the quality of requirements generated by ChatGPT for the
same prompt when queried multiple times. The improvements
and variations observed in the requirement quality indicate
that repetitive querying of the same prompt can influence the
quality of the generated requirements.

In addition to the data collected and the conclusions of
RQ2.1 and RQ2.2, we conducted a comparative analysis of
the performance between the premium and freemium versions.
This analysis involved examining the results presented in
a graph in Phase 4 (Figure 5) and incorporating feedback
from Phase 9, which is depicted in Figure 7. By considering
these additional findings, we can draw conclusions for RQ2
regarding the hypotheses.

The results of RQ2.1 indicate that both the free and
premium versions of ChatGPT demonstrated improvements
in various quality attributes after receiving feedback. This
is evident in Phase 9, as depicted in Figure 8, and sup-
ported by the data presented in Tables VII and VIII. Notably,
the premium version of ChatGPT exhibited superior perfor-



mance compared to the free version, consistently showing
enhancements across all quality attributes. Specifically, the
premium version achieved higher scores in completeness and
verifiability, suggesting its greater potential for enhancing
the quality of generated requirements compared to the free
version. These findings affirm the hypothesis H1, as there is a
significant difference in the quality of requirements generated
by ChatGPT across different versions.

Additionally, the analysis in RQ2.2 revealed variations in
the quality of requirements generated by ChatGPT when the
same prompt was queried multiple times. The ChatGPT free
version exhibited fluctuations in several quality attributes,
while the premium version consistently exhibited a better level
of quality across iterations. Based on these findings, we can
reject the null hypothesis (H0) and conclude that there is a
significant difference in the quality of requirements generated
by ChatGPT across different versions. The improvements and
variations observed indicate that repetitive querying of the
same prompt and the use of different versions influence the
quality of the generated requirements.

In conclusion, to RQ2, the results support the alternative
hypothesis (H1), suggesting a significant difference in the
quality of requirements generated by ChatGPT across different
versions.

RQ3: To what extent can an AI detector differentiate
between ChatGPT generated requirements and human-
written requirements?

The results analysed in phase 12 indicate that the Content
at Scale AI detector has a relatively high precision, meaning
it correctly identified the detected AI REs as AI-generated
requirements. However, the recall is low, suggesting that the
detector fails to capture a significant number of AI-generated
requirements. Consequently, the F1 score, which considers
both precision and recall, is relatively low. We fail to reject
the null hypothesis (H0) and conclude that the Content at
Scale AI detector is not able to effectively detect requirements
generated by ChatGPT.

V. DISCUSSION

1) Our findings and Related work:
The findings of this research substantiate and extend the

work of Wei et al. [8], which indicated that the performance of
Large Language Models (LLMs) like ChatGPT is significantly
improved with an increase in model size and data quantity. Our
study similarly found that ChatGPT, both free and premium
versions, is competent at generating software requirements,
although it still falls behind experienced humans in certain
quality attributes.

Our work also resonates with strategies explored by Zhou et
al. [22] and others [14], [15], [17] to further improve LLMs.
One of these strategies is reinforcement learning from human
feedback, which, in our study, was found to significantly
improve the quality of requirements generated by ChatGPT.
This validates the potential of integrating feedback mecha-
nisms to optimize the performance of AI tools in software

requirement engineering, in line with the idea of leveraging
LLMs for a variety of applications such as trustworthy AI and
conversational search engines [16].

Consistent with the work of Barenkamp et al. [26], our study
underscores the utility of AI in different stages of the software
engineering life cycle. We found that ChatGPT significantly
enhances time efficiency in generating requirements compared
to humans, without substantially compromising the quality.
This suggests that AI tools can contribute to working more
efficiently and reducing errors, further corroborating the po-
tential benefits of integrating AI into the software engineering
life cycle as highlighted by Barenkamp et al.

In relation to Abad et al. [47] and Surana et al. [40],
who explored automated classification of requirements and
requirements elicitation respectively, our study demonstrates
the potential of ChatGPT in performing similar tasks with
proficient efficiency. Nevertheless, our results also highlight
that the intricacy and quality of requirements generated by
experienced humans remain unparalleled, indicating the con-
tinued relevance of human expertise.

Finally, regarding our third RQ related to AI detectors, our
findings mirror the challenge faced by many in accurately
identifying AI-generated text. Despite the Content at Scale AI
detector demonstrating high precision, its low recall indicates
the need for enhanced AI detectors for more reliable iden-
tification of AI-generated requirements. This aligns with the
ongoing quest for improved AI detection mechanisms in the
field.

In conclusion, this research reinforces the potential of AI
tools such as ChatGPT in generating software requirements
and the value of human feedback in enhancing AI’s per-
formance. The findings also echo the broader literature on
the utility of AI in software engineering and the ongoing
challenges in accurately identifying AI-generated content.

2) Alternative methodology and future work:
An alternative methodology that could have been employed

in this research is the experimental comparison using mixed-
methods. Rather than exclusively relying on quantitative eval-
uation, integrating qualitative methods such as interviews or
focus groups with the participants could offer a more in-
depth understanding of their experiences and perceptions. This
would provide a broader perspective on the effectiveness of
ChatGPT in generating requirements and their interaction with
it. Integrating a mixed-methods approach would offer a more
comprehensive understanding of ChatGPT’s performance. It
would capture the nuances of participant experiences and the
subjective factors influencing the performance of ChatGPT,
enhancing the richness and depth of the insights gained.

The study could be extended by comparing ChatGPT’s
efficacy with other AI-based tools in generating software
requirements. This would provide a comprehensive view of
the AI landscape in the context of software requirement engi-
neering and help identify the most promising tools. Comparing
ChatGPT with other AI tools would offer a competitive analy-
sis and assist stakeholders in making informed decisions about



which AI tool to incorporate in their software requirement
engineering process.

VI. CONCLUSIONS

The research offers key insights into ChatGPT’s potential,
across both free and premium versions, for generating software
requirements. It was found that while ChatGPT can match
human-written requirements on several IEEE quality attributes,
it lags behind experienced humans in aspects like unambigu-
ousness, completeness, and singularity.

Regardless, significant potential exists in leveraging AI tools
like ChatGPT to augment human expertise in requirement
generation. Feedback mechanisms can help improve the AI’s
performance, contributing to higher quality requirements.

Further investigation demonstrated that querying the same
prompt multiple times influenced the quality of requirements
generated by ChatGPT. The free version exhibited fluctua-
tions in quality attributes across different iterations, while
the premium version consistently delivered higher-quality
requirements. These variations highlight the importance of
considering repetitive querying and the selection of different
versions when using ChatGPT for requirement generation.

Differences were observed between the free and premium
versions of ChatGPT in consistency and overall quality. The
premium version consistently performed better and showed
more considerable improvement post feedback, implying its
superior potential for enhancing requirement generation. In-
terestingly, the free version outperformed the premium one in
certain attributes during the initial trial.

Regarding time efficiency, both versions of ChatGPT ex-
celled at generating requirements faster than humans, with
the premium version being particularly swift. This speed
advantage does not significantly detract from the quality of the
generated requirements, making AI tools valuable for efficient
requirement generation.

Nonetheless, the intricacy and quality of requirements gen-
erated by experienced human practitioners remain unparal-
leled. This suggests the value of using AI tools like ChatGPT
as supplements to human expertise in requirement engineering,
to benefit from AI’s speed and efficiency while retaining the
depth of human analysis.

Additionally, the study assessed the efficacy of the Content
at Scale AI detector in identifying AI-generated requirements.
The detector demonstrated high precision but low recall,
pinpointing a need for improved detectors for more reliable
identification of AI-generated requirements.

In conclusion, these findings highlight the value of AI tools
such as ChatGPT for time-efficient requirement generation,
emphasizing the need for human expertise and feedback mech-
anisms to optimize AI’s performance. They also underline the
necessity for enhanced AI detectors for accurate identification
of AI-generated requirements.
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Appendix A - Problem description - MSB emergency app
In Sweden, the responsibility for disaster management lies primarily with the municipalities and their
emergency services (räddningstjänst), while MSB (Myndigheten för samhällsskydd och beredskap) is
the national authority responsible for supporting the municipalities and emergency services in their
efforts to prevent, prepare for, and respond to emergencies. MSB's goal is to ensure the health and
safety of people during emergencies, and to have a successful response to emergency events.
Sweden has experienced public emergencies such as wildfires, floods, and landslides, as examples:
https://en.wikipedia.org/wiki/2018_Sweden_wildfires
https://floodlist.com/europe/central-sweden-floods-august-2021

These disasters, along with explosions, chemical spills, etc., would be the type of emergency covered
by the organization.

In such events, people need access to accurate information, allowing them to provide residents with
life-saving instructions. The overall objective is to have a successful response to emergency events.
To this end, MSB, in collaboration with municipalities and emergency services, is developing an
app/site that works in the field and in the office to coordinate disaster management.Face-to-face
communication is preferred, but this is not always possible, thus there is a need for an app/site that
works in the field and in the office to coordinate disaster management.

This app/site will facilitate effective communication, including roles and tasks, but also account for
information confidentiality (e.g., to protect privacy and avoid looting). The app/site will not only be
used by emergency responders but will also be available to the public, allowing them to access
real-time information and instructions during an emergency.

When an incident happens, the local municipalities and emergency services take the lead in
responding to the situation. A formal chain of command is established, and the incident commander is
assigned, often the first responder until someone more senior arrives. Emergency workers need to
coordinate with MSB to get support and help with coordination. Someone must organize the entire
effort to monitor and manage resources (e.g., fire trucks, pumps, ambulances), objectives, and
outcomes. People receive work assignments and can request support or additional resources. Workers
report the progress of assigned tasks. Responders need to brief others and the public, communicate
hazards, acknowledge messages, and ask for further information.

MSB's app/site needs to facilitate effective communication, including roles and tasks. The
coordination and communication between the municipalities, emergency services, and MSB are
essential to ensure an effective and timely response. The ultimate goal is to ensure that the Swedish
society is resilient and able to withstand and recover from any crisis or disaster.

Problem description used with modifications from case assignments
written by Jennifer Horkoff for the course DIT046/DAT356

Example of stakeholders
MSB employees



The public
Emergency services - Police, Fire Department, Health care
Volunteer groups that will help in the case of an emergency.
The municipality

Appendix B - Requirements’ quality attributes

The Characteristics of a good requirement are:

1. Necessary: The requirement is essential for the capability of the system and should
be realistic to implement from the constraints of the product.

2. Implementation Free: Implementation independent, which means not saying how a
system should do a requirement from a technical standpoint but still be necessary.

3. Unambiguous: The requirements should only be able to be interpreted one way

4. Consistent: Not conflicting with other ones or be the same thing with different words

5. Complete: The requirement is measurable and containing all the information needed
for it to be implemented correctly

6. Singular: The requirement should not be a combination of many requirements

7. Feasible: Should be realistic for the program (based on context)

8. Traceable: Can you understand why the requirements is there (In this case the
problem description)

9. Verifiable: The final entity should be testable. For example, good is hard to test

Appendix C - Template to be used for writing/generating
requirements

Title/ID A unique identifier for the requirement

Description A clear and concise description of the requirement

Rational Reason behind the requirement



Appendix D - Total Attribute Scores After Analysis

Group Necessary

Implem
entation
Free

Unambi
guous

Consist
ent

Comple
te Singular

Feasibl
e

Traceab
le

Verifiabl
e

P1 10 9 6 10 7 9 10 9 6
P2 10 9 8 10 6 10 10 9 10
P3 10 10 8 10 5 9 10 10 10
P4 10 9 7 10 5 10 9 7 7
P5 10 8 6 10 6 10 9 7 4
P6 10 10 6 10 6 8 9 10 6
P7 10 10 9 10 6 10 10 10 8
P8 10 10 9 10 10 10 10 10 10
P9 8 10 6 10 7 10 9 7 6
P10 10 10 9 10 8 9 10 9 8
P11 9 9 7 10 7 10 9 8 7
ChatGPT_Fre
e 10 10 7 10 7 9 10 9 7
ChatGPT_Fre
e 10 9 6 10 6 5 10 9 7
ChatGPT_Fre
e 10 10 7 8 7 6 9 6 9
ChatGPT_Pre 10 9 6 10 6 6 10 10 6
ChatGPT_Pre 10 10 9 10 6 9 10 10 6
ChatGPT_Pre 10 10 9 10 7 9 10 10 6

Appendix E - Written Requirements From Participants

101 FR

The system shall provide real-time info about the current disaster, for instance, the
location, and level of the emergency.

102 FR

The system shall provide various types of clear instructions to everyone when there is
an emergency around.

103 FR

The system shall users to chat/contact each other along with MSB personnel, so they
can coordinate more and provide further updates on the emergency and what to do in
unique situations.

104 FR

The system should treat the user's data with confidentiality and be secure with the
data projected.

105 FR The system shall allow users to assign roles and tasks.



106 FR

The system should have a 3D or some sort of map that is constantly updated, so
users, in general, can see the current state of emergencies around them or in their
region.

107 FR

The system shall always notify every user with an alarming notification, whenever an
incident occurs.

108 NFR The system shall have a user-friendly interface.

109 NFR
The system shall automatically assign roles according to that person current location.

110 NFR The system shall be online 24/7 and can handle a large number of users.

201 FR
The app shall allow the definition of roles and authorities in the case of emergency.

202 FR
The roles allowed to be defined within the app are: - Workers - Responders - Civilians

203 FR The app shall inform the users when an emergency happens.

204 FR

The message sent by the app shall include the instructions and the roles these
instructions are intended to.

205 FR

Upon receiving the message, the user shall be able to request support and/or
additional information

206 FR Workers shall be allowed to report the progress of their work assignments.

207 FR
The app shall allow video communication between the users, when possible.

208 NFR
The app shall allow the definition of backup depending in case of non availability.

209 NFR
The app shall allow the definition of a command chain to handle the emergency.

210 NFR

The app shall move to the next person in the command chain if no response is
received within 15 seconds.

301 FR User management system that supports different roles

302 FR
Allow users with the required privileges to signal an emergency in a particular area

303 FR Send emergency broadcasts via the mobile phone and radio network

304 FR Asset management system for the users with appropriate privileges

305 FR

Allow responders to provide status updates from the field to those coordinating the
operation.



306 FR
Emergency categorization and description for responders and local authorities

307 FR Task management system for ongoing field operations

308 NFR High availability (99.9%) under stress (1000 requests per second)

309 NFR Low latency (<5ms) under stress (10000 requests per second)

310 NFR
Correctness (0% false positives for emergencies categorized as life-threatening)

401 FR The app shall be able to check the accuracy of the information

402 FR a chain of command shall be defined with the different roles

403 FR

If no response is received from a specific role, the next role within the chain of
command shall take over.

404 FR

A task shall contain a description of the actions, a deadline and the objective that
shall be achieved.

405 FR the app shall allow for face to face communication

406 FR

if video communication is not possible, the app shall allow for only voice
communication as back up mechanism

407 FR Users shall be able to request support

408 NFR

appropriate cryptography mechanisms shall be used to maintain the privace of the
data within the app

409 NFR The response time delay shall not exceed 3 seconds.

410 NFR

The app shall use relevant colors to deferenciate between the tasks severities and
urgencies

501 FR The app/site should be able to alert users that live in the disaster region.

502 FR

The app/site should be able to alert users of the size of the dissaster and the danger
of it

503 FR

The app should be able to inform the users of the nature of the dissaster (volcano,
hurricane, flood etc.)

504 FR

The app should be able to provide an alertwithin a timeframe of the upcomming
dissaster before it happens.

505 FR
The app should be able to present the way the dessaster is developing on a map.

506 FR The app should be able to ring an alarm to the usrers in a human language .

507 FR The app should be able to navigate people away from the dissaster.



508 NFR

The system should be able to provide an alert within miliseconds to thousands of
users without crashing.

509 NFR The system should have below 1% > down time.

510 NFR The app should be very secure.

601 FR
The app shall provide real time information and instructions to the public

602 FR

The app shall provide communication tools like messaging, voice call, video call,
broadcasting among different stakeholder

603 FR The app shall able to assign different roles to different emergency workers

604 FR The app shall able to create and assign tasks

605 FR
The app shall able to manage different resources like fire trucks, ambulances etc.

606 FR The app shall ensure information confidentiality and protect privacy.

607 FR

The app shall able to help emergency workers to request for additional resources and
support

608 NFR The app shall work all the times during emergency.

609 NFR The app shall be easier to navigate and shall have user friendly interface.

610 NFR

The app shall able to handle high volume of users without delays, breaking down or
performance issues.

701 FR The app shall hold accurate information about emergencies.

702 FR The app shall coordinate the chain of commands in between responders.

703 FR
The app shall distribute task assignments and instructions to the adequate users.

704 FR The app shall provide the option to request resources.

705 FR The app shall facilitate direct communication.

706 FR The app shall provide different user roles.

707 FR The app shall provide the municipality with overview information.

708 NFR The information on the disaster must be updated at least every 5 minutes.

709 NFR
The chain of command needs to have correct users assigned to respective roles.

710 NFR The app needs to be able to work with limited bandwidth.



801 FR The system shall allow responders to create an account.

802 FR The system shall allow responders to create news posts.

803 FR The system shall allow users without an account to view news posts.

804 FR
The system shall display which service/organization a responder belongs to

805 FR
The system shall allow an incident commander to establish an incident report.

806 FR The system shall allow responders to be assigned to an incident report.

807 FR The system shall allow responders to report actions to an incident report.

808 NFR

The system shall display a new post on the public feed within 3 seconds 99% of the
system up-time.

809 NFR The system shall log in a user within 1 second 99% of the system up-time.

810 NFR

The system shall correctly update an incident report when 20 responders post
updates within a 1 minute time frame.

901 FR Be able to push out notifications to all phones

902 FR Different levels of users
903 FR Personal password

904 FR The app needs to have access to the camera function if one is available

905 FR The app needs to have access to video functions if available

906 FR The app needs to have access to the users location via GPS

907 FR The app should notify through both sound and vibration

908 NFR The app needs to be able to handle 10000000 simultaneous users.

909 NFR

The app needs to load within 3 second of pushing the button no matter the amount of
users

910 NFR The app should function in areas of very low reception.

1001 FR

The system must implemented for various platforms and hardware systems so that it
can be used from computers, mobile devices and emergency communication
equipment.



1002 FR

Depending on stakeholders role, the system must implement quality of service and
message priority, so that MSB employees and emergency services communication is
highly prioritized and delivered with Level 2 assurance.

1003 FR

The system must implement accessible user interface design so that information can
be properly presented via various types of devices.

1004 FR

The system must utilize integrated user authentication system so that user level and
role can defined with clear hierarchy.

1005 FR

The system must implement various formats of messages and data so that
emergency can send text, audio or video message.

1006 FR The system must expose public emergency broadcast channel.

1007 FR

The system must be able to access and utilize existing standardized postcode, GPS
data and zoning data.

1008 NFR

The system must respond to all requests within 300ms with minimum of 99.999999%
reliability.

1009 NFR

The system must be accessible via all designed communication channels in
99.999999% of the time and maximum downtime of 0.005% during any 24 hour
period.

1010 NFR

The system must implement user access and access control functions so that only
authorized users can receive or send information depending on their assigned users.

1101 FR
The system shall display instructions to follow to the public about ongoing events in
their location

1102 FR The system shall allow professionals to create accounts

1103 FR The systems shall encrypt all communications between professionals

1104 FR The systems shall send tasks to professionnals that have to confirm reception

1105 FR
The system shall provide a map with the position of the different professional
engaged in the field.

1106 FR The system shall allow professional to request for additional resources

1107 FR The system shall allow professionals to update the status of their assigned task

1108 NFR The system should be available as much as possible



1109 NFR The system should resist to emergency event
1110 NFR The system should be easy to use

Appendix F - Generated Requirements From ChatGPT
Free Version

GPT-F101 FR The app/site must be able to display real-time information related to emergency
situations.

GPT-F102 FR The app/site must allow users to report their location and request assistance during an
emergency.

GPT-F103 FR The app/site must enable communication between emergency responders and MSB.

GPT-F104 FR The app/site must have a formal chain of command that assigns an incident commander
during an emergency.

GPT-F105 FR The app/site must be able to monitor and manage resources such as fire trucks, pumps,
and ambulances.

GPT-F106 FR The app/site must provide an overview of work assignments and progress of assigned
tasks.

GPT-F107 FR The app/site must ensure information confidentiality to protect privacy and avoid
looting.

GPT-F108 NFR The app/site must be scalable to accommodate a large number of users during an
emergency.

GPT-F109 NFR The app/site must have a fast response time to ensure timely communication during an
emergency.

GPT-F110 NFR The app/site must be accessible to people with disabilities.

GPT-F201 FR The app/site should provide real-time access to accurate information about ongoing
emergencies, including updates on the situation, instructions, and safety guidelines.

GPT-F202 FR
The app/site should allow emergency responders to communicate and coordinate their
actions in the field and the office, enabling effective collaboration and information
sharing.

GPT-F203 FR The app/site should support the establishment of a formal chain of command and enable
the assignment of incident commanders to lead the response efforts.

GPT-F204 FR
The app/site should enable emergency workers to request and allocate resources, such
as fire trucks, ambulances, and other necessary equipment, to address the incident
effectively.

GPT-F205 FR
The app/site should provide a mechanism for emergency workers to report the progress
of assigned tasks, allowing supervisors and incident commanders to track the status of
operations.

GPT-F206 FR
The app/site should enable emergency responders to communicate hazards and issue
alerts to the public, ensuring timely dissemination of critical information for public
safety.

GPT-F207 FR The app/site should prioritize information confidentiality and incorporate measures to
protect privacy and prevent looting during emergencies.



GPT-F208 NFR
The app/site should be user-friendly, with an intuitive interface and easy navigation, to
ensure that both emergency responders and the public can use it effectively in
high-stress situations.

GPT-F209 NFR
The app/site should have a high level of availability and reliability to ensure
uninterrupted access to essential services, even during peak usage periods or in
situations with limited network connectivity.

GPT-F210 NFR The app/site should be scalable to accommodate a large user base and handle increased
traffic during emergency events without compromising performance or responsiveness.

GPT-F301 FR
The app should provide real-time updates and information to both emergency
responders and the general public during an emergency event, ensuring they have
accurate and up-to-date instructions and guidance.

GPT-F302 FR
The app should facilitate effective communication between different stakeholders
(municipalities, emergency services, MSB) by providing role-based communication
channels, allowing for seamless coordination and collaboration.

GPT-F303 FR
The app should enable emergency workers to manage and track available resources
(e.g., fire trucks, pumps, ambulances) to ensure their efficient allocation and utilization
during an emergency response.

GPT-F304 FR
The app should allow incident commanders to assign tasks to responders, who can
report the progress of their assigned tasks in real-time, providing visibility and
accountability in the response efforts.

GPT-F305 FR The app should facilitate the communication of hazards and risks to responders and the
public, enabling the dissemination of critical safety information and warnings.

GPT-F306 FR The app should support the documentation and sharing of incident briefings, ensuring
that all stakeholders are well-informed about the situation and the actions taken.

GPT-F307 FR
The app should be accessible to the general public, allowing them to access real-time
information and instructions during an emergency, promoting public safety and
awareness.

GPT-F308 NFR The app should have a user-friendly interface and intuitive navigation to ensure ease of
use for both emergency responders and the public, especially in high-stress situations.

GPT-F309 NFR
The app should be capable of handling a large volume of users and data during peak
periods of emergencies, ensuring reliable performance and scalability to support
widespread usage.

GPT-F310 NFR
The app should prioritize the security and privacy of user information and
communications, implementing robust encryption and authentication measures to
protect sensitive data and prevent unauthorized access.

Premium Version

GPT-P101
FR

The system must have user authentication to differentiate between emergency
responders and the public.

GPT-P102 FR The system must provide real-time incident updates and instructions to public users.

GPT-P103 FR The system must facilitate role-based task assignment among emergency responders.

GPT-P104 FR The system must allow emergency responders to report the progress of assigned tasks.

GPT-P105
FR

The system must enable communication between emergency responders and MSB for
resource requests and support.



GPT-P106 FR The system must provide a mechanism to communicate hazards to all users.

GPT-P107
FR

The system should have a feature for acknowledging messages and asking for further
information.

GPT-
P108 NFR The system must be available 24/7 with minimal downtime.

GPT-P109 NFR The system should be user-friendly and intuitive.

GPT-P110 NFR The system should maintain data confidentiality and privacy.

GPT-P201 FR The system should provide real-time updates about ongoing disasters and emergencies.

GPT-P202
FR

The system should facilitate secure and confidential communication between
emergency services and MSB.

GPT-P203
FR

The system must allow emergency responders to report on the progress of assigned
tasks.

GPT-P204
FR

The system should allow the incident commander to assign roles and tasks to
emergency workers.

GPT-P205
FR

The system must facilitate requests for support or additional resources during an
emergency.

GPT-P206 FR The system should provide a feature for acknowledging messages and requests.

GPT-P207
FR

The system must allow the briefing of emergency situations to both responders and the
public.

GPT-P208
NFR

The system must be capable of handling high traffic during times of emergencies
without degradation of performance.

GPT-P209
NFR

The system should be easily accessible and user-friendly for both emergency workers
and the general public.

GPT-P210 NFR The system should provide secure and encrypted communication channels.

GPT-P301
FR

The system must be able to send real-time alerts and notifications to users in the event
of an emergency.

GPT-P302
FR

The system must provide a feature to assign and track roles and tasks among emergency
workers.

GPT-P303 FR The system must allow emergency workers to report the progress of assigned tasks.

GPT-P304
FR

The system should support secure communication channels for emergency responders
and MSB coordinators.

GPT-P305 FR The system must facilitate real-time public briefings about the emergencies.

GPT-P306
FR

The system must be able to receive requests for support or additional resources from
emergency workers.

GPT-P307
FR

The system should provide a feature for incident commanders to establish and
communicate the formal chain of command.

GPT-P308
NFR

The system must maintain high availability and reliability during high traffic periods
such as during emergencies.



GPT-P309
NFR

The system must adhere to stringent data protection regulations to protect users'
privacy.

GPT-P310
NFR

The system must have a user-friendly interface that's easily navigable even in stressful
situations.



Appendix G - Collected Requirements From Participants and
ChatGPT in Terms of Quality


