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Recent advancements in the field of artificial intelligence have increased interest in 

leveraging it in various tasks in software engineering. Requirements engineering is an 

important part of the software engineering process and may lead to the entire project’s 

failure if it fails. This thesis presents a systematic literature review of published research 

on the use of artificial intelligence in the requirements engineering process. A search query 

and selection criteria are defined and the studies for the analysis are selected. The areas of 

interest of this study were the phases of requirements engineering affected, and the 

artificial intelligence techniques utilized. The analyzed studies focused on requirements 

elicitation, analysis and validation utilizing machine learning and natural language 

processing. Requirements management was not addressed in any of the analyzed studies, 

which can be considered a gap in the research.  
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Systemaattinen kirjallisuus katsaus 

Tekoälyn nopea kehitys viime vuosina on lisännyt kiinnostusta sen hyödyntämiseen 

ohjelmistokehityksessä. Vaatimusmäärittely on olennainen osa ohjelmistokehitysprosessia, 

ja sen epäonnistuminen voi johtaa koko projektin epäonnistumiseen. Tässä diplomityössä 

esitetään systemaattinen kirjallisuuskatsaus lähimenneisyydessä julkaistuista tutkimuksista, 

jotka käsittelevät tekoälyn käyttöä vaatimusmäärittelyprosessissa. Hakukysely ja 

valintakriteerit, joiden avulla analysoitavat tutkimukset valitaan, määritellään. 

Tutkimuksen kiinnostuksen kohteina ovat vaatimussuunnittelun vaiheet, joissa tekoälyä 

voidaan käyttää, ja niissä hyödynnetyt tekoälytekniikat. Analysoidut tutkimukset 

keskittyivät vaatimusten löytämiseen, analysointiin ja vahvistamiseen koneoppimista ja 

luonnollisen kielen käsittelyä hyödyntäen. Vaatimusten hallintaan ei yksikään analysoitu 

tutkimus keskittynyt, joten sen voidaan olettaa olevan aukko tutkimuksessa.  
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1  Introduction 

Whether a software system succeeds or not depends on the degree to which the finished 

product meets the needs of its intended users. Therefore, to ensure that the system meets 

those needs requirements engineering (RE) must be carried out. RE can be broadly described 

as a collection of activities, whose aim is to properly define the final purpose of the system 

being designed. It encompasses tasks such as discovering the needs of the stakeholders, and 

collecting said needs in a structured form that is suited for communication and analysis of 

the needs, in order to implement the system.(Nuseibeh and Easterbrook, 2000) 

More than half of the errors encountered in software development projects happen in the 

requirements engineering phase. The later in the development process an error is detected, 

the higher the cost of fixing it is. The most frequent deficiencies in requirements engineering 

are missing or inadequately described requirements, and requirements which do not reflect 

the expectations of the end users. (Pohl and Rupp, 2015) 

Artificial intelligence (AI) has progressed rapidly in the last couple of years, and as such the 

interest in utilizing AI techniques to aid and automate various aspects of software 

engineering has grown. Natural language processing (NLP), and machine learning (ML) may 

be able to  enhance traditional RE methods. (Cico et al., 2023)  

1.1  Goals and delimitations  

The goal of this thesis is to investigate how artificial intelligence is utilized in the 

requirements engineering process. A systematic literature review (SLR) is conducted to find 

out what role AI plays in requirements engineering and what it’s potential future use in it 

could be. The main delimitations of this study are that only a literature review is conducted, 

and the selection of papers is limited by access to said papers. Additionally, for the scope of 

this thesis the selected papers will be limited to ones released within the last few years to 

keep the amount manageable. 
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The research questions the following: 

• RQ1: What parts of the RE process has AI been utilized? 

• RQ2: What AI techniques have been utilised in RE? 

1.2  Structure of the thesis 

The thesis is structured as follows. Chapter 2 presents related research to the thesis topic. In 

chapter 3 and 4 background on requirements engineering and artificial intelligence is 

presented. Chapter 5 describes the research methodology. In chapter 6 the results of the study 

are presented. Chapter 7 contains the discussion of the results. Finally, chapter 8 presents 

the conclusions. 

  

2  Related research  

Liu et al., (2022) conducted a literature review concerning artificial intelligence use in the 

requirements engineering process. The review included papers released between 2015 and 

2021. The study found that the AI tasks utilized in requirements engineering was most 

often either a mix of a classifier and a natural language processing task, or one of the two 

alone. They also found that the RE activities addressed were validation, specification and 

elicitation. 

 

Anwar and Bashir, (2023) conducted a systematic literature review on how AI has been 

utilized in the prioritization of software requirements. The study identified three categories 

of prioritization techniques: fuzzy logic, machine learning, and optimization algorithm-

based techniques. The study reported some key advantages and disadvantages of each 

technique. Fuzzy logic-based techniques were found to produce scalable solutions but were 

lacking in accuracy of the results. Optimization-based techniques were able to produce an 

accurate and prioritized list of requirements but were not very scalable. Machine learning-
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based techniques were found to produce the most optimal and scalable solutions, but their 

accuracy had room for improvement.  

 

Umar and Lano, (2024) conducted a systematic literature review of the degree of 

automation of the requirements engineering process. The review included studies 

published between 1996 and 2022. The study found that the automation tools most often 

were used to assist in generating UML models, consistency checking, and requirements 

validation. The analysis phase of requirements engineering was found to be the most 

frequently automated phase, with nearly 50% of the identified automation tools developed 

for the purpose. Natural language processing methods were found to be the most often 

employed technologies utilized by the tools.  
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3  Requirements Engineering 

This section provides overview of Requirements engineering.  

3.1  Definition of Requirements Engineering 

Requirements engineering is the process of discovering and documenting the requirements 

of the system being developed. In the course of the development process, requirements 

engineering aims to elicit the stakeholders’ requirements, document them in a suitable 

manner, validate, verify, and manage the requirements over the systems lifecycle. (Pohl and 

Rupp, 2015) Requirements engineering is generally divided into four core activities or 

phases. Pohl and Rupp call them elicitation, documentation, validation and negotiation, and 

management. Kotonya and Sommerville call the activities the following:  

• Requirements elicitation and analysis  

• Requirements validation 

• Requirements management 

For the purposes of this thesis the names of the activities as defined by Kotonya and 

Sommerville are used. The following figure displays the high-level activity model of the 

requirements engineering process. 

 

Figure 1 High-level activity model of the RE process, adapted from Kotonya and Sommerville 1998, p 32 
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3.2  Requirements Elicitation and Analysis 

According to Kotonya and Sommerville, (1998) the activities associated with discovering 

the requirements of the system is called requirements elicitation. Requirements analysis is 

closely tied to requirements elicitation. The goal of requirements analysis is to gather a list 

of requirements which are consistent and complete. During the analysis process, missing, 

unrealistic, overlapping, ambiguous and conflicting requirements should b be discovered. 

The elicitation process is therefore a negotiation process which involves all stakeholders of 

the system. Following figure shows the components of requirements elicitation according to 

(Sommerville, 2011). 

 

Figure 2 The requirements elicitation and analysis process adapted from Sommerville 2011 

 

As requirements are discovered during the elicitation process, some analysis is by necessity 

carried out, as problems may be immediately recognized with the source of the requirements. 

Therefore, requirements analysis and elicitation cannot be clearly separated from one 

another because they are so interweaved. Much of the knowledge is gathered from 

documentation about the system and talking to the people involved with the system. This 

results in a lot of information which must be organized and analysed to ensure it’s 

understandable. Elicitation can be carried out via interviews, prototyping or scenarios. 

Requirements analysis and negotiation is conducted to make sure that the elicited 

requirements are satisfactory to all stakeholders, and to discover potential problems that may 

arise from the requirements. (Kotonya and Sommerville, 1998, pp. 53–82)  
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3.3  Requirements validation and management 

Requirements validation aims to ensure that the collected requirements are consistent, and 

that no critical requirements are missing. Validation is the final stage of requirements 

engineering. Validation is carried out primarily by requirement reviews, which involves a 

group of people going through the requirements document to identify problems with the 

requirements and agree on how to deal with the identified problems. Requirements validation 

is concerned with evaluating the final draft of a requirements document. (Kotonya and 

Sommerville, 1998, pp. 87–111) 

Requirements management encompasses the activities concerned  with the management of 

changes to a systems requirements in response to evolving requirements. (Kotonya and 

Sommerville, 1998, p. 113). Certain requirements evolve as the system development 

advances, these are referred to as volatile requirements. According to Kotonya and 

Sommerville, there are 4 types of volatile requirements: 1) mutable requirements, which 

change in response to changes in the systems operating environment, 2) emergent 

requirements, which are requirements that cannot be completely defined in the specification 

phase, 3) consequential requirements, which are requirements based on assumptions about 

how the system is used, and 4) compatibility requirements, which depend on equipment and 

processes outside of the system being designed. Successful requirements management 

requires that requirements are identified and stored in a structured way, usually in an SRS 

document or in case of very large number of requirements, in a requirements database, and 

that the requirements are traceable, meaning that every requirement’s origin and 

dependencies are properly documented. (Kotonya and Sommerville, 1998, pp. 115–117) 
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4  Artificial Intelligence 

The following sections provide an overview of the AI concepts and techniques relevant to 

this thesis. 

4.1  Artificial Intelligence concepts 

Artificial Intelligence is not a new concept. The exact origin of Artificial Intelligence is 

somewhat difficult to point out, but it wasn’t a serious academic discipline until the 1950s. 

Some of the first problems addressed by artificial intelligence were puzzle solving, playing 

simple games, answering simple questions and classifying images. (Nilsson, 2009, p. 71)  

The development of AI technology has enabled it to solve increasingly complex problems 

and today AI powers such technologies from driverless vehicles to machine translation. 

(Russell and Norvig, 2021, pp. 28–29) 

While these techniques are most often referred to simply as AI, they usually leverage either 

machine and deep learning or natural language processing.  

 

4.2  Machine Learning  

Machine learning, as the name suggests, is based on the idea of computers learning from 

data on their own. It consists of methods that allow a computer to learn from data without 

being explicitly programmed to do so. Essentially, statistical models that are trained with a 

training dataset are the basis of machine learning. In the training process, the statistical 

models parameters are adapted to the training data, which then allows the model predict on 

test data. (Yusoff, 2024)  

Machine learning methods can be categorized into roughly three categories, which are 

supervised, unsupervised, and reinforcement learning, based on how much feedback is 

available to the learning system. In supervised learning the goal is to learn to classify data 

from a large sample of training data when classification is known. The supervision in this 



16 

 

case involves informing the system about the classification of each datum in the training set. 

Unsupervised learning aims to construct classifications of data based solely on the data itself, 

without knowing classifications in advance. (Nilsson, 2009, p. 513)  

Reinforcement learning is a middle ground between supervised and unsupervised learning 

approaches. It answers the question of how an autonomous agent can learn to traverse a set 

of states to achieve its goal. Reinforcement learning algorithms, could be described as smart 

agents that explore an environment or space and receives limited feedback based on the 

environment. (Mitchell, 1997, pp. 367–386) 

Deep learning is a subset of machine learning, and it models the world by constructing a 

layered hierarchy of concepts, where complex ideas are formed by combining simpler ones. 

These models are typically built using artificial neural networks (ANNs), which can 

automatically learn these hierarchical data representations. This capability makes deep 

learning suitable for processing and analyzing large, intricate datasets. (Goodfellow et al., 

2016, pp. 1–13) 

There are several types of neural networks. Feed forward networks, where each node in the 

network computes a function of its inputs and feeds the result forward to the next node, thus 

the information flows through the network one way. (Russell and Norvig, 2021, p. 751)  

Recurrent neural networks (RNNs) are a bit more dynamic and work by feeding either final 

or intermediate outputs back to the nodes own inputs, which results in the network having 

an internal memory of sorts. Long short-term memory (LSTM) is an RNN specifically 

designed to preserve, or remember intermediate information, which makes them suitable for 

tasks like speech recognition and processing of natural language (Russell and Norvig, 2021, 

pp. 772–775) 

 

4.3  Natural Language Processing 

Natural Language Processing (NLP) is a field of artificial intelligence concerned with 

analyzing and processing human language. NLP uses language models. Tasks that these 

language models can be utilized to accomplish are text classification, retrieval of 

information, question answering, and information extraction. Text classification simply put 



17 

 

is a task of categorizing given texts into various predetermined classes. Finding relevant text 

or documents based on the users need is referred to as information retrieval, which is 

basically just a form of searching. Question answering differs from information retrieval in 

that the query is a question, and the provided answer is a natural language response, instead 

of an organized list of documents. Information extraction is a task of finding particular 

occurrences of specific objects within a given text, and extracting the associated information. 

(Russell and Norvig, 2021, pp. 849–851) 

4.3.1  Word embedding and transformer models  

Word embedding is a name given to a way of representing words as vectors, which allows 

for similar words to have a similar representation. This method is closely related to deep 

learning, since the information vectors are extracted from a hidden layer of a deep learning 

network that has been trained on a lot of text data. Because words that have similar meanings 

are used in similar contexts, they will end up near one another in the vector space. The vector 

representation makes it possible for a deep learning model to categorize the words more 

effectively. (Russell and Norvig, 2021, p. 783)  

Transformer models are deep learning architectures specialized for natural language 

processing tasks. Transformer models work by utilizing a mechanism called self-attention 

which enables them to model long-distance relations with words, and the context of the 

words. Typically transformed models consist of six or more layers, and at each layer self-

attention is applied the output of which is then passed to feedforward layers, and finally what 

is called a nonlinear activation function is applied. The transformer architecture isn’t able to 

capture the order of words in a sequence, because the way it models context does not 

consider word order. The ordering of words is handled via positional embedding, which 

works by the same principle as word embedding, only the vectors represent the position of 

the word in the text or document. (Russell and Norvig, 2021, pp. 869–871) 
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5  Research Method 

The following section details the SLR methodology as applied in this thesis. 

5.1  Systematic literature review 

This thesis is conducted as a systematic literature review based on the guidelines provided 

by Kitchenham and Charters (2007). The systematic literature review is a suitable 

methodology when the goal is to identify and analyse all available research on a specific 

topic, or a research question. Systematic literature reviews are mainly performed to provide 

summaries of existing research on an intervention or a technology, to find out if there are 

gaps in the current research, and to provide context and a background for new research 

activities 

The review process begins with defining the research questions that the review aims to 

answer. This is called a review protocol, and additionally it defines the methods to perform 

the review. A well-defined and documented search strategy is developed, so that as much of 

the relevant research as possible is identified. The process must be well-documented to 

ensure that the process is repeatable, and complete.  (Kitchenham and Charters, 2007). 

The methodology was chosen because it is suitable for finding out how artificial intelligence 

can be utilized in the requirements engineering process.  
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5.2  SLR Process 

The SLR process can be divided into three main phases: planning, conducting, and reporting 

the review. Each phase involves specific steps to ensure the review is systematic and 

comprehensive. (Brereton et al., 2007) The phases of the process are presented in the 

following figure 

 

 

Figure 3 Systematic literature review process (Brereton et al., 2007) 

 

Phase 1 starts with specifying the research questions. The specification of research questions 

guides the entire review process: search process identifies the primary studies that answer 

the defined research questions, data extraction process is designed so that the data to answer 

said questions can be extracted, and data analysis process needs to synthesize the data so that 

the questions are answered.   
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Once the research questions are defined, a review protocol is developed. The protocol 

specifies the methods that are to be used to complete the review. The purpose of the protocol 

is to reduce researcher bias and ensure that the selection of studies is not guided by the 

researchers’ expectations. Finally, the review protocol must be validated. 

 Phase 2 starts with the identification of relevant research. It involves generating a search 

strategy i.e. selecting the sources from which the research papers are to be searched and 

formulating the search string. Once the relevant primary studies have been gathered, their 

relevance must be assessed. Inclusion and exclusion criteria for the studies are formulated, 

based on the research questions. In addition to the inclusion and exclusion criteria, the study 

quality is evaluated, this may be done by considering the design, conduct, analysis and 

conclusions of the studies via a quality checklist.  

After the quality assessment data is extracted. Data extraction is done with data extraction 

forms, which should be designed in such a way that the information that is extracted is 

accurately recorded. The forms should contain, all the research questions and additionally, 

standard information such as the title, authors, journal and publication information of the 

studies. Finally, the extracted data is synthesized, which means that the results of the selected 

studies are summarized. The synthesis can be descriptive, quantitative, or qualitative.  

Phase 3 involves the writing of the review report, and validation of said report. The aim of 

this phase is to effectively report the results of the systematic review. (Kitchenham and 

Charters, 2007) 
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5.3  Research questions 

The aim of this systematic literature review is to review recent contributions toward the 

application of artificial intelligence in the context of the requirements engineering process. 

The specific areas of interest in this study are the artificial intelligence methodology used 

and what areas of requirements engineering were addressed. The research questions were 

formulated as follows: 

RQ1: What parts of the RE has AI been utilized? 

RQ2: What AI techniques have been utilised in RE? 

5.4  Search strategy and inclusion criteria 

According to Kitchenham and Charters (2007), the search terms should be defined based on 

the population and interventions. By population is meant the target affected by the 

intervention, in the context of this study the population is requirement engineering, and the 

interventions are artificial intelligence methods. Once these are identified then Kitchenham 

and Charters (2007) suggest listing abbreviations, synonyms, and alternative spellings for 

the search terms. Finally, search strings are constructed using Boolean operators AND and 

OR. 

Initially complicated search strings like (“software requirements engineering” OR 

“software requirements analysis” OR “software requirements specification” OR “software 

requirements verification” OR “software requirements elicitation”) AND (“artificial 

intelligence”) were tried, but these resulted in an unmanageable number of results, so the 

search string was simplified to limit the results  

The final search string was as follows: (“Software Requirement” OR “Requirements 

Engineering”) AND (“AI” OR “Artificial Intelligence “) 
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The search engines considered for this study were the following: 

• IEEExplore 

• ACM Digital library: 

• Google scholar (scholar.google.com) 

• ScienceDirect (www.sciencedirect.com)   

Inclusion criteria is defined so that the studies selected are relevant to the topic and research 

questions. The goal was to identify recent studies on the topic, and considering the rapid 

development of artificial intelligence, particularly large language models like chat GPT, in 

recent years the year 2020 was selected as the earliest inclusion date. The research papers 

must discuss both artificial intelligence and some part of the requirements engineering 

process to be included in the analysis. Additionally, the papers must be publicly available. 

And the studies must be primary studies. 

 

Final inclusion criteria: 

• Must be available either publicly or through university library 

• Must be available in English 

• Must be published 2020 or later 

• Must discuss AI use in the RE process 

• Must be a primary study 

• Must have more than one citation 

• Must be peer reviewed, i.e. not a preprint 

• Is not a duplicate 

5.5  Study quality assessment 

The potential primary studies were evaluated based on the following questions 1) does the 

papers introduction and abstract discuss AI and RE? 2) Does the paper describe the research 

methodology used? and 3) are the papers results relevant to the research questions? 
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6  Results 

The results of the SLR are reported in this section. The goal of this study was to identify 

trends and research gaps in last couple of years concerning artificial intelligence utilization 

in the requirements engineering process. 

6.1  Search screening   

The first phase of the search resulted in 851 prospective studies. Next, the titles of these were 

scrutinized to eliminate irrelevant studies, for example, studies on requirements engineering 

of AI systems. The title scrutiny resulted in 57 relevant studies for closer examination of 

their abstracts to determine whether they were relevant to the research questions defined. 

The final number of primary studies selected was 14. The following figure displays the 

process  

 

Figure 4 Study selection process 
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Reasons for not including studies: 

• not a primary study (all, SMS and SLR and other tertiary studies) 

• did not discuss AI use in requirements engineering, but rather requirements 

engineering for AI systems 

• was published outside of the defined search window 

• had less than 2 citations 

First run reduced the number of primary studies from 57 to 26 mostly discarded studies were 

tertiary studies, and secondary studies such as systematic mapping studies, and one had been 

released outside the inclusion timeframe. Out of the remaining 26, 3 were preprints and were 

thus discarded reducing the amount to 23 

Next what was considered was the number of citations for each paper, if the paper more than 

1 citation it was included reducing the number of papers to 14  

Final consideration was on how well the study could answer the research questions. The 

selection is presented in (appendix A) and data extraction in (appendix B). 
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6.2  Overview of the results 

The phases of RE that the studies were concerned with ranged from elicitation to validation. 

Out of the 14 identified studies 7 discussed artificial intelligence use in requirements analysis 

and specification. Of the remaining 7 studies, 6 could be roughly categorized as requirements 

validation and 1 as elicitation papers. The following table contains the selected studies. 

 

Author(s) Year RQ1 RQ2 

Sadia et al. 2023 Analysis ML 

Mishra and 

Sharma 

2021 Analysis NLP 

Anwar et al.  2020 Validation NLP 

Jp et al. 2022 Analysis NLP+ML 

Arora et al. 2024 Elicitation NLP 

Gupta et al. 2023 Validation NLP+ML 

Ezzini et al. 2023 Validation NLP 

Akshatha 

Nayak et al.  

2022 Analysis NLP+ML 

Chatterjee et al.  2020 Analysis ML(DL) 

Shatnawi et al. 2023 Analysis ML 

Malik et al.  2021 Validation ML 

Guadalupe et 

al. 

2021 Validation NLP+DL 

Malik et al. 2022 Validation NLP 

Kici et al. 2021 Analysis NLP 

Table 1 Overview of studies 
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The studies were classified as having to do with requirements analysis if they utilized AI 

methods to classify requirements into categories or predict some aspects of the requirements. 

Studies that aimed to improve quality assurance, or assess specific requirement types, or to 

verify the requirements. The one study classified as elicitation directly set out to address 

requirements elicitation. 

Many of these studies started by some NLP tasks on the requirements dataset, most often 

some form of word embedding, or vectorization of text was done to prepare the data for the 

training of the machine learning models.  

The studies concerned with analysis and specification most often utilized machine learning 

algorithms, or a combination of machine learning and natural language processing. 

Most of the studies that had to do with classification of requirements into categories like 

functional and non-functional followed the same pattern in which they 1) collected a dataset 

of requirements form either publicly available SRS data (Kici et al., 2021; Malik et al., 2022, 

2021) or from a real system (Jp et al., 2022), 2) the data was vectorized 3) the classification 

was done, and 4) the result was numerically evaluated usually using the metrics of precision, 

recall, accuracy and F1 score.  

Natural language processing was used to classify requirements into categories (Kici et al., 

2021) extract verification assertions (Anwar et al., 2020), aid quality assurance by question 

answering (Ezzini et al., 2023), classification of SRS documents contents (Malik et al., 

2022). Large language models, or transformer models were utilized in 4 studies (Arora et al., 

2024; Ezzini et al., 2023; Kici et al., 2021; Malik et al., 2022) out of these Arora et al., 

utilized Chat-GPT the rest used BERT and its variants. 

The study done by Gupta et al., (2023) was a solution proposal for quite a comprehensive 

use of AI to assess usability, by completely replacing end-users with AI generated entities 

to evaluate usability requirements extracted from an SRS document. Arora et al., (2024) 

described a potential language model-driven requirements engineering process, and 

empirically evaluated LLMs in the requirements elicitation process. 

It should be noted that while none of the selected studies were classified as having to do with 

requirements management, most likely many of the AI techniques utilized in the studies 
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could be also utilized in management tasks. Another consideration is the phases of the RE 

process are not so clearly divided, and as such there exists a lot of overlap in the activities.  

 

6.3  Large Language Models in Requirements engineering 

Arora et al., (2024) conducted a preliminary evaluation of utilizing large language models 

(LLMs) in the RE process. They first presented a detailed strength and weakness analysis of 

LLMs in different phases of the requirements engineering process and evaluated their use 

on a real-world system focusing on the requirements elicitation phase. Chat-GPT was 

selected as the LLM to be evaluated. The experimental setup involved four participants out 

of whom, two were experienced software or requirements engineers, and two were software 

engineering students. 20 key requirements were identified, and the four participants elicited 

against these requirements with the help of ChatGPT. The result of the experiment was that 

the more experienced participants were able to elicit nearly half of the relevant requirements, 

which suggests that LLM use is feasible in RE, provided that the LLMs are utilized by an 

experienced requirements engineers as a support tool to traditional RE processes.  

According to Arora et al., the key benefit of LLMs was that they can provide quick overview 

of the domain knowledge, draw connections not thought of, and potentially improve 

stakeholder engagement by paraphrasing or rewording difficult technical jargon to a form 

more easily understood by less technical stakeholders. Additionally, they could be utilized 

to automatically format raw requirements into structured templates, and classify 

requirements into functional, non-functional or other categories. LLMs may also be utilized 

to analyze the quality of requirements, detect inconsistencies and incompleteness in the 

requirements, and identify risks if trained with sufficient domain knowledge and historical 

data.  

The key weakness identified was the potential for over reliance on LLMs, and the need for 

comprehensive prompt engineering to achieve useful outputs from the language models. 

They noted that leveraging LLMs would require extensive stakeholder communication, 
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project specific documentation, and regulatory information for training the LLMs, and as 

such they are unlikely to replace domain specialist’s input. 

 

6.4  Machine Learning in Requirements specification and analysis 

The following table displays the studies, and the AI methods used in them. 

Authors Method(s) Task Contribution 

Akshatha 

Nayak et 

al. 

SVM, K-Nearest  

Neighbor,  

Logistical regression, 

Multinominal Naïve bayes, 

BoW, TF-IDF 

Classifying 

requirements into 

non-functional and 

functional 

Combination of SVM and 

TF-IDF achieved the best 

result 

Chatterjee 

et al. 

Bi-LTSM, 

Word embeddings 

Classifying 

requirements into 

Architecturally 

significant or not 

Deep learning models are 

better suited for working 

with very large SRS 

datasets than traditional 

machine learning models.   

Jp et al. CNN, Word embeddings Classifying 

requirements into 

categories 

CNN is not suitable if data 

is limited  

Sadia et al. Bayesian network Predicting 

complexity of 

requirements 

The Bayesian model could 

predict complexity with a 

high accuracy 

Shatnawi 

et al. 

CNN, SVM Classifying 

requirements into 

non-functional and 

functional 

Both models were 

effective at classifying the 

requirements 

Table 2 Machine learning in RE 

 

Akshatha Nayak et al., (2022) evaluated various unsupervised and supervised machine 

learning algorithms’ performance in classifying requirements into categories of non-
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functional and functional requirements. Their approach leveraged the NLP tasks of 

vectorization. They obtained a dataset of requirements written in natural language, and 

labeled them into either non-functional or functional requirements, and vectorized the data 

using Bag of Words (BoW) and Term Frequency (TF) - Inverse Document Frequency (IDF) 

techniques. The vectorized data was given as input to the machine learning algorithms to 

evaluate their accuracy. The supervised learning algorithms evaluated were support vector 

machines (SVM), K-nearest neighbor, logistical regression, and Multinominal Naïve bayes, 

and the unsupervised algorithms of hierarchical clustering and K-means.  

The algorithms’ performance was measured by precision, F1 score and recall. They 

concluded that the best precision could be achieved with the combination of SVM and TF-

IDF techniques. Finally, concluded that ML algorithms are suitable for the classification of 

requirements.  

 

Chatterjee et al., (2020) utilized deep learning to accomplish a somewhat similar task. Their 

goal was to identify and classify architecturally significant requirements (ASFRs) from a 

software specification document. Their approach consisted of two steps 1) a binary 

classification step where the contents of the SRS document were classified as either ASFRs 

or not, 2) a multi-label classification of the identified ASFRs. The deep learning approach 

they utilized was the Bidirectional Long Short-Term Memory Network (Bi-LSTM). They 

used their previous work on traditional machine learning techniques of Random K-labEL, 

and Naïve Bayes as a baseline against which they compared the deep learning approach. The 

dataset they used was a collection of 114 annotated SRS documents. They too used 

vectorization, or word embeddings, to represent the SRS. They vectorized the text using the 

pre-trained GloVe model.  

The model was then evaluated against the baseline. Chatterjee et al., noted that the model 

performed much better than the baseline in both the identification and classification of 

ASFRs. They noted that the baseline RakEL NB model performed well on smaller datasets, 

but as the data set size increased its performance decreased. Chatterjee et al., concluded that 
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the result of the study suggests that deep learning models are better suited for working with 

very large SRS datasets than traditional machine learning models.   

 

Jp et al., (2022) utilized both NLP and DL to classify functional requirements into 

appropriate categories from a software requirements specification document. They utilized 

Word2Vec and FastText, which are pre-trained word embedding models, to vectorize the 

SRS document and convolutional neural networks (CNN) to classify functional 

requirements.  

The approaches accuracy in classifying functional requirements ranged from 0% to 95% 

with the average accuracy of 75%. According to Jp et al., the classes accuracy was directly 

proportional to the amount of data associated with the class, which suggests that a more 

balanced data set would yield a better result. Additionally, the study found that the accuracy 

varied based on the generality of the defined classes of functional requirements. 

Finally, Jp et al., concluded that even though multi-class classifier networks are widely used 

in multi-label classification, it isn’t always a viable option in situations where data is limited. 

They note that with a balanced dataset the result may be better, but training effort increases, 

and to achieve a model with an accuracy of more than 90% the architecture’s complexity 

increases such that computational power could become a limiting factor. 

 

Sadia et al., (2023) used a Bayesian network model to predict the complexity of 

requirements. They based their complexity prediction model on attributes derived from 

literature. The requirements complexity attributes were based on the IEEE 830:1998 

specification. Based on the attributes a requirement complexity tree was created for use with 

the Bayesian model. They conducted a case study to validate its usefulness. The model was 

seeded with expert opinions related to complexity attributes. The case study showed that the 

model could predict requirement complexity, and the predicted complexity values would be 

useful for a requirements analyst in the process of negotiating the requirements with the 

stakeholders.  
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Shatnawi et al., (2023) utilized a both Convolutional Neural Networks (CNN) and Support 

Vector Machines (SVM) to classify natural language requirements into non-functional and 

functional requirements. They first collected a dataset. The dataset used comprised of 1180 

requirements. The raw text data was then pre-processed. Once pre-processing was done 

Shatnawi et al., conducted experiments with three machine learning algorithms, to evaluate 

how well they could classify the requirements. The results were that the CNN model’s 

accuracy and precision were 98%, recall 97%, and F1-score 98%, which according to 

Shatnawi et al., suggests that the CNN model can classify the data correctly, and is capable 

of accurately identifying instances with minimal false positives.  

The SVN model performed nearly as well, which indicated that it too was suitable for the 

classification task. The KNN model performed slightly worse than the others achieving an 

accuracy of 90%, precision of 91%, recall of 95% and an F1-score of 93%. Shatnawi et al., 

conclude that the CNN model performed best overall, and that the SVN model performed 

reliably in the identification task.   

Shatnawi et al., note that the use of these classification models facilitates a more efficient 

and accurate classification of requirements, significantly reducing the need for manual 

labeling, which results in a significant time saving and reduction of errors in classification. 

Finally, they concluded that the results suggest that the RE field can potentially benefit from 

artificial intelligence. Their result differed slightly from Jp et al., which is probably 

explained by the different datasets used.  

 

6.5  Natural language processing in Requirements specification and analysis 

Kici et al., (2021) conducted an empirical analysis of multi-class text classification over SRS 

documents utilizing transformer models, which included BERT, DistilBERT, Roberta, 

AlBERT, and XLNet. The performance of the models was evaluated using three SRS 

publicly available requirements datasets: DOORS, NFR-PROMISE, and PURE.  

The datasets were used for three classification tasks, which were predicting the type, severity 

and priority of the requirements. The results showed that all five transformer models 

performed well on the classification tasks. Depending on the dataset, the best performing 



32 

 

model varied. XLNet performed the best on the NFR dataset, and RoBERT on the PURE 

dataset, but the difference in performance was very small. Kici et al, found that the 

transformer models are capable of accurately classifying all categories, except priority of the 

requirements. 

Mishra and Sharma, (2021) utilized neural network-based word embedding to create a 

semantic filter for the purpose of generating a glossary from a large requirements 

specification document.  They utilized FastText word embedding model to identify domain 

specific terms. They trained the model using domain neutral data by obtaining news 

headlines from a news website. The model was tested on the publicly available large crowd-

sourced requirements dataset of 3000 requirements called CrowdRE. 

 The total number of text chunks generated initially was 4156, which was reduced to 297 

after applying the coverage filter and the generalized semantic filter. Next, they evaluated 

the approaches’ impact on the glossary’s coverage of the requirements. Before filtering, the 

coverage was 99% and after applying the filters the coverage was 80%, which suggests that 

the approach is useful in automatically generating glossaries.  

According to Mishra and Sharma, filtering approaches benefits are that can extract a 

relatively small glossary from a sizable number of specifications while retaining the most 

relevant terms in the glossary.  Their approach could also be used to extract glossaries from 

other application domains since it was trained on domain neutral data.  However, there were 

some limitations to this approach. One potentially major limitation mentioned was the use 

of threshold-based coverage criterion, which could lead to a situation where a relevant term 

appears only once in the dataset, it would be missed and not added to the glossary generated 
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6.6  Machine learning in Requirements validation 

Malik et al., (2021) experimented with various Named Entity Recognition models (NER) 

over SRS documents and classified the software requirement specific entities with ML-based 

methods. They formulated a NER task over SRS documents dataset to identify software 

specific entities, collected and annotated a corpus of SRS documents, which was used to 

train and test the models. Finally, a detailed numerical study was performed with the NER 

models used, which were the following: ML-CRF, C-MEM, BiLSTM-CRF, and BiLSTM-

CRF (GloVE). 

The dataset collected contained 5100 lines of data from the SRS documents of the Dynamic 

Object-Oriented Requirements System (DOORS) software. Out of the 5100 lines of text 

3333 sentences were extracted. Next a set of entity categories was defined, and manual 

annotation of the data was performed.  

Malik et al., pointed out some challenges faced when developing the NER methodology 

using SRS documents. The main challenges were the following: 1) capitalization and 

spelling errors in the SRS documents, 2) subjective words, whose meaning may differ from 

depending on the software in question, which creates difficulty in determining appropriate 

tags, 3) different software specific entities may have multiple meanings, 4) errors in manual 

tagging and 5) obtaining annotated data is difficult, and manual annotation is labour intesive.  

The data was used as input for NER models.  They found that ML-CRF slightly 

outperformed the DL models, when trained with an annotated SRS corpus. They also noted 

that dataset size and the distribution of software specific affect the performance of the NER 

models. Finally, they concluded that the models could improve the performance of document 

summarizing models and document querying systems. 

Gupta et al., (2023) presented a blueprint for an AI-based framework for evaluating HCI 

(Human Computer Interaction) requirements. The framework consisted of creation of a 

personas pool, which were to be AI-generated stand-ins for end-users, requirements 

modeling and usability evaluation. The personas pool creation focuses on creating a 

hypothetical pool of personas, that is IT-expert, teenager etc. via AI, essentially these would 

have been digital twins of end users. The AI-generated personas could be used to represent 

the end-users and could be tailored to the specific project to evaluate the usability 
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requirements. Requirements modeling is the identification of HCI tasks, extracting the 

relevant knowledge from a given SRS document, utilizing Human-Computer Interaction 

Ontology Network (HCI-ON) to solve semantic conflicts, and generating a semantic network 

and formalizing the vocabulary, and finally creating queries for usability evaluation. Gupta 

et al., presented a pseudo code detailing the logical steps for the creation of the persona pool. 

6.7  Natural Language processing in Requirements validation 

The following table displays the NLP use in requirements validation. 

Authors Method(s) Task Contribution 

Anwar et 

al.  

Tokenization, Sentence 

splitting and POS tagging 

Extracting 

verification aspects 

from an embedded 

systems’ design 

requirements 

The approach was 

effective at extracting 

verification aspects from 

an SRS document 

Ezzini et 

al. 

Transformer models 

DistilBERT, ALBERT. 

Question answering 

tool to aid the 

analysis of 

requirements. 

The approach was 

effective at extracting 

answers to questions 

Guadalupe 

et al.. 

RNN for NLP tasks Evaluating the 

quality of 

requirements 

The method showed 

promise for future 

development  

Malik et a. Transformer models Named entity 

recognition 

The models were effective 

at the task 

Table 3 NLP use in validation 
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Anwar et al., (2020) utilized a novel NLP framework in extracting verification aspects from 

an embedded systems’ design requirements. The proposed framework’s aim is to streamline 

the verification process by automating the analysis of the design requirements. They 

developed an Automated Requirements Assertions analyzer (AR2AA) tool utilizing C# and 

regular expression, and SharpNLP libraries. They based their framework on the following 

natural language processing concepts: tokenization, POS tagging and sentence splitting. 

The proposed framework’s feasibility was assessed through a case study on Car Collision 

Avoidance System (CCAS). The design requirements of the CCAS were input to the 

AR2AA tool, which extracted the verification assertions from them. The extracted 

verification assertions were then analyzed further. The case study’s results showed that the 

framework simplified the development of verification assertions significantly. Anwar et al., 

noted that the framework had some limitations, namely that it split given requirements based 

only on full stop, which could lead to incorrect verification aspects being extracted. 

Additionally, the action and condition rules must be refined well.  

 

Ezzini et al., (2023) developed QAssist, which is an NLP-based question answering 

approach for automated assistance to stakeholders in analyzing requirements written in 

natural language. The aim of the tool was to aid in the quality assurance and analysis of 

requirements in the requirements engineering process. The tool was implemented using 

python 3.7.13, implementing the NLP pipeline using transformers 3.0.1 library. The 

language models evaluated included IR (Information retrieval)-based models such as 

DistilBERT, and MRC (Machine reading comprehension)-based models such as ALBERT.   

The tool analyzes the supplied requirements document, and possible external sources of 

knowledge relevant to the domain and provides a likely answer to them. The empirical 

evaluation of the tool showed that it was able to extract answers to questions with an 

accuracy of 84.2%. 
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Guadalupe et al., (2021) evaluated the quality of software requirements with a combination 

of recurrent neural networks and natural language processing. The quality properties were 

defined as: singular, correct, complete and appropriate as defined by IEEE 29148 standard.  

The proposed model was trained with a dataset of 1000 software requirements. The metrics: 

precision, recall and accuracy were used for performance evaluation. The study found that 

the models’ average accuracy across all the defined properties was 75%, which means that 

this method might be useful for the analysis of other quality attributes in the future. 

According to Guadalupe et al., the benefit of this approach compared to other machine 

learning techniques used for this purpose in the literature, is that neural networks can process 

sequential information, which is a useful feature since words in a language develop their 

semantic meaning based on the previous words in a sentence.  

 

Malik et al., (2022) discussed the use of transformer models, such as BERT, RoBERTa and 

ALBERT for the task of software specific entity extraction from structured SRS documents. 

Additionally, they implemented a machine learning-based ML-CRF model which was used 

as a baseline to evaluate the transformer-based models. Malik et al., note that Bidirectional 

Encoder Representations from Transformers (BERT) models, which are language 

representation models, are the state-of-the-art when it comes to performance in domain 

specific NER tasks, which is why they chose variants of BERT for their evaluation. The 

models were used to extract entities from three requirement datasets, which were DOORS, 

Software Requirement Entities (SRE), and Requirement Quality Assistant (RQA). A 

detailed numerical study was conducted to evaluate the models. Finally, Malik et al., 

investigated few-shot learning methods for NER task. 

They reported the results using the performance metrics of precision, recall, accuracy and 

F1 score. They found that the BERT-large-cased version outperformed the baseline ML-

CRF model for the DOORS and SRE datasets achieving an F1 score of 92.6% and 77.3%. 

They noted that capitalization and abbreviations play an important role in software 

requirements texts, which explains why the cased BERT model outperformed the other 

BERT variants. The ML-CRF achieved the best performance for the RQA dataset achieving 

an F1 score of 73.4%. According to Malik et al., the reason why the baseline performed 

better than the BERT models was because the RQA dataset had fewer input instances, and a 

larger available entity set. The error analysis showed that the BERT model performed the 
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best for DOORS missing only a small percentage of the entities. Finally, Malik et al., 

concluded that fine-tuned transformer-based NER models show promise for improving the 

process of software-specific entity extraction from generic SRS documents. They note that 

the NER models can benefit other NLP tasks in the RE domain, such as requirements 

classification, detection of ambiguities and conflicts in the requirements, and requirements 

quality assessment.  
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7  Discussion  

The goal of this thesis was to gain insight into how artificial intelligence can be leveraged in 

the requirements engineering field. The research questions were the following:  

• RQ1: What parts of the RE process has AI been utilized? 

• RQ2: What AI techniques have been utilised in RE? 

According to the results of the systematic literature review, practically all the studies were 

concerned roughly with either requirements validation, specification or elicitation, which 

was consistent with the findings of Liu et al., (2022). Requirements analysis and 

specification was discussed in 7 of the 14 studies (Akshatha Nayak et al., 2022; Chatterjee 

et al., 2020; Jp et al., 2022; Kici et al., 2021; Mishra and Sharma, 2021; Sadia et al., 2023; 

Shatnawi et al., 2023). Requirements validation was discussed in 6 of the 14 studies (Anwar 

et al., 2020; Ezzini et al., 2023; Guadalupe et al., 2021; Gupta et al., 2023; Malik et al., 

2022). One study focused on elicitation in its empirical section (Arora et al., 2024). Most of 

the studies presented and evaluated a method.  

Most often some form of NLP was utilized either alone, as in the case of (Anwar et al., 2020; 

Mishra and Sharma, 2021), or in the data preparation stage in the studies where machine 

learning, and language models were utilized.  

Machine and deep learning algorithms were utilized to classify requirements into non-

functional, and functional requirements (Akshatha Nayak et al., 2022; Shatnawi et al., 2023), 

to further classify functional requirements (Jp et al., 2022), and to identify architecturally 

significant functional requirements (Chatterjee et al., 2020). A Bayesian network based 

model was utilized to predict complexity of software requirements (Sadia et al., 2023). 

Recurrent neural networks were utilized to assess the quality of requirements (Guadalupe et 

al., 2021). Deep learning models were also used to extract domain specific entities from SRS 

document (Malik et al., 2021).  

NLP techniques, such as word embedding, were utilized in glossary generation (Mishra and 

Sharma, 2021), and extraction of verification aspects from an embedded systems design 

requirements (Anwar et al., 2020). Transformer, or language, models were utilized in the 
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analysis of natural language requirements (Ezzini et al., 2023), extraction of software 

requirement specific entities from SRS documentation (Malik et al., 2022), and classification 

of software requirements (Kici et al., 2021). Large Language Models were used to aid the 

requirements elicitation process (Arora et al., 2024). 

While none of the identified studies directly addressed requirements management, certain 

activities associated with requirements management were addressed, such as classifying the 

priority of requirements (Kici et al., 2021), although prioritization was not very effective. 

Additionally, because requirements validation and management have some overlap, any 

method that aims to improve requirement consistency or traceability may be classified as 

either validation or management activity. So, it seems safe to assume that methods used for 

validation can also be benefit requirements management. Additionally, the question-

answering method developed by Ezzini et al., (2023) would likely be applicable to 

management activities, since the main purpose of the tool was to aid in quality assurance 

and analysis of the collected requirements. Additionally, the lack of management focused 

studies may be because of the limited scope of the research, since Umar and Lano, (2024) 

did identify some studies on management, and their research scope was much larger 

encompassing studies from 1996 to 2022.  

In summary, natural language processing and machine learning have been utilized in 

requirements elicitation, requirements analysis and requirements validation, and they can 

likely benefit the requirements management process at least indirectly. 

7.1  Threats to validity 

The main threats to the validity of this study are potentially lacking search strategy, which 

could have led to relevant studies being left out of the analysis, and bias in study selection. 

Additionally, the criteria of inclusion and exclusion might have led to relevant studies not 

being considered.  
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8  Conclusions and future work 

Requirements engineering is laborious and critical activity, and incomplete or ambiguous 

requirements may derail the entire development process and cause great financial loss. 

Artificial intelligence techniques show potential in streamlining and enhancing the 

requirements engineering process by automating laborious classification tasks and aiding in 

the analysis of textual requirements. The results of the systematic literature review suggest 

that the RE activities addressed currently are the requirements elicitation, analysis, and the 

requirements validation phases of the RE process. None of the identified studies directly 

addressed requirements management, which may be a gap in the research and warrants 

further study. Though, this could be caused by the limitations of the study. 

Although, the utilization of AI in other RE phases likely has downstream benefits for 

requirements management activities. Since the main management activities have mostly to 

do with change control, and change impact assessment, traceability information is vital for 

these activities to succeed. These are both information retrieval tasks, which NLP techniques 

can be utilized for. AI may could potentially be utilized in change management by partially 

automating validity checking of change requests, and automatically identifying the affected 

requirements. Another potential use case would be some sort of prediction model for 

automatically identifying volatile requirements. 

Future work would include a more comprehensive mapping study to find out if requirements 

management truly hasn’t been addressed, and if so, studies evaluating AI’s impact on 

management activities carried out.  
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APPENDIX A. SELECTION OF PAPERS 

 

Study Authors Type/Publisher Interventio
n 

Result Citation
s 

Selecte
d 

A Bayesian 
Network-

Based 
Software 

Requirement 
Complexity 
Prediction 

Model 

Halima 
Sadia 
Syed Qamar 
Abbas 
Mohammad 
Faisal 

Conference 
paper/Springer 
Nature 

A Bayesian 
network 
model for 
predicting 
requirement 
complexity 

the model 
could predict 
requirement 
complexity at 
an early 
stage of 
development 
(Sadia et al., 
2023). 

4 Y 

A 
Generalized 

Semantic 
Filter for 
Glossary 

Term 
Extraction 

from Large-
Sized 

Software 
Requirement

s 
 

Siba Mishra 
Arpit 
Sharma 

Conference 
paper/Association 
for Computing 
Machinery 

Word 
embeddings 
(FastText) for 
glossary 
generation 

The approach 
is viable for 
generating a 
concise 
glossary. 
(Mishra and 
Sharma, 
2021) 

5 Y 

A Natural 
Language 

Processing 
(NLP) 

Framework 
for 

Embedded 
Systems to 

Automaticall
y Extract 

Verification 
Aspects from 

Textual 
Design 

Requirement
s 
 

Muhammad 
Waseem 
Anwar 
Imran 
Ahsan 
Farooque 
Azam 
Wasi Haider 
Butt 
Muhammad 
Rashid 

Conference 
paper/Association 
for Computing 
Machinery 

NLP 
(Sentence 
Splitting, 
Tokenization 
and POS 
tagging.) for 
extracting 
verification 
assertions 
from SRS 
documents 

Framework 
was highly 
effective for 
the analysis 
and 
development 
of 
verification 
assertions 
from textual 
design 
requirements 
(Anwar et al., 
2020) 
 

16 Y 

A Non-
Exclusive 

Multi-Class 
Convolutiona

l Neural 
Network for 

the 
Classification 
of Functional 
Requirement

Sanjanasri 
Jp 
Vijay 
Krishna 
Menon 
KP Soman 
Atul K. R. 
Ojha 

Journal 
Article/IEEE 
Access 

Word 
embeddings 
(FastText, 
Word2Vec), 
Convolution
al neural 
network 
to classify 
functional 
requirement

The approach 
is viable 
provided a 
balanced 
dataset 
(Jp et al., 
2022) 

6 Y 



 

s in 
AUTOSAR 
Software 

Requirement 
Specification 

Text 
 

s in an SRS 
document 

Advancing 
Requirement

s 
Engineering 

Through 
Generative 

AI: Assessing 
the Role of 

LLMs 
 

Chetan 
Arora 
John 
Grundy 
Mohamed 
Abdelrazek 

Book 
Section/Springer 
Nature 
Switzerland 

Large 
Language 
models for 
requirement
s elicitation, 
analysis, 
specification
, and 
validation. 

Results 
varied 
depending 
on the 
expertise of 
the test 
subject 
(Arora et al., 
2024) 

21 Y 

AI-
augmented 

usability 
evaluation 
framework 

for software 
requirement

s 
specification 

in cyber 
physical 
human 

systems 
 

Sandeep 
Gupta 
Gregory 
Epiphaniou 
Carsten 
Maple 

Journal 
Article/Internet of 
Things 

NLP+ML Proposal  to 
use various 
AI algorithms 
to create an 
AI-generated 
representatio
n of end user 
for usability 
evaluation 
(Gupta et al., 
2023) 

3 Y 

AI-based 
Question 

Answering 
Assistance 

for Analyzing 
Natural-
language 

Requirement
s 
 

Saad Ezzini 
Sallam 
Abualhaija 
Chetan 
Arora 
Mehrdad 
Sabetzadeh 

Conference Paper/ 
2023 IEEE/ACM 
45th International 
Conference on 
Software 
Engineering (ICSE) 

Tokenization 
sentence 
splitting,  
large scale 
language 
models 
(BERT) to 
create a QA 
application  

The developed 
too was able 
to extract 
answers to 
questions with 
an accuracy of 
84.2% 
(Ezzini et al., 
2023) 

9 Y 

An 
Automated 
Model of 
Software 

Requirement 
Engineering 
Using GPT-

3.5 

Jie Sh’ng 
Yeow 
Muhammad 
Ehsan Rana 
Nur Amira 
Abdul Majid 
 

Conference 
Paper/2024 ASU 
International 
Conference in 
Emerging 
Technologies for 
Sustainability and 
Intelligent Systems 
(ICETSIS) 

LLM(GPT-
3.5) 

Used chat 
GPT to 
develop 
survey and 
interview 
questions 
(Yeow et al., 
2024) 

1 N 

Feasibility 
Study of 
Machine 

Learning & 
AI 

Algorithms 

Ullal 
Akshatha 
Nayak 
K S 
Swarnalatha 

Conference 
Paper/2022 IEEE 
2nd Mysore Sub 
Section 
International 

Bag of 
Words, Term 
Frequency 
(TF) - Inverse 
Document 
Frequency 

Machine 
learning can 
be utilized to 
classify 
requirements 

2 Y 



 

for 
Classifying 
Software 

Requirement
s 
 

A 
Balachandra 

Conference 
(MysuruCon) 

(IDF), 
Machine 
learning 
supervised 
and 
unsupervise
d learning 

(Akshatha 
Nayak et al., 
2022) 

Identification 
and 

Classification 
of 

Architectural
ly Significant 
Functional 

Requirement
s 
 

Ranit 
Chatterjee 
Abdul 
Ahmed 
Preethu 
Rose Anish 

Conference Paper/ 
2020 IEEE Seventh 
International 
Workshop on 
Artificial 
Intelligence for 
Requirements 
Engineering (AIRE) 

Word 
embedding, 
Deep learning 
(Bidirectional-
short-term 
memory 
network) to 
extract 
architecturally 
significant 
requirements 
from SRS 
documentatio
n. 

Deep 
learning 
models 
suitable for 
task 
(Chatterjee 
et al., 2020) 

10 Y 

Intelligent 
Requirement

s 
Engineering: 

Applying 
Machine 

Learning for 
Requirement

s 
Classification 

 

Mo'ath 
Shatnawi 
Ahmad 
Audat 
Marah 
Saraireh 

Conference Paper/ 
2023 14th 
International 
Conference on 
Information and 
Communication 
Systems (ICICS) 

CNNs and 
SVM to 
classify 
requirement
s to 
functional 
and non-
functional 
(tokenization
, sequence 
padding and 
TF-IDF 
vectorization
) 

The 
classification 
models 
facilitate 
more 
efficient and 
accurate 
classification 
process 
(Shatnawi et 
al., 2023) 

2 Y 

Lessons from 
the Use of 

Natural 
Language 
Inference 
(NLI) in 

Requirement
s 

Engineering 
Tasks 

 

Mohamad 
Fazelnia 
Viktoria 
Koscinski 
Spencer 
Herzog 
Mehdi 
Mirakhorli 

Preprint Natural 
Language 
Inference 
(NLI) in 
requirement
s analysis 

NLI methods 
surpass 
classical NLP 
methods and 
LLM-based 
chatbots 
(Fazelnia et 
al., 2024) 

0 N 

MNoR-BERT: 
multi-label 

classification 
of non-

functional 
requirement
s using BERT 

 

Kamaljit 
Kaur 
Parminder 
Kaur 

Journal 
Article/Neural 
Computing and 
Applications 

Transformer 
models 
MNorR-BERT 
for 
classifying 
requirement
s 

The proposed 
model 

outperforms 
state-of-the-
art baseline 
techniques 

with respect to 
precision, 

recall, and F1-

measure(Kaur 
and Kaur, 

2023) 

1 N 



 

. 
Named 
Entity 

Recognition 
on Software 
Requirement

s 
Specification 
Documents 

 

Garima 
Malik 
Mucahit 
Cevik 
Yusef Khedr 
Devang 
Parikh 
Ayşe Başar 

Journal Article/ 
Proceedings of the 
Canadian 
Conference on 
Artificial 
Intelligence 

NER models 
ML-CRF, C-
MEM, 
BiLSTM-CRF, 
and BiLSTM-
CRF (GloVE). 
To extract 
domain 
specific 
entities from 
SRS 
document 

The NER 
models can be 
utilized to 
improve 
performance 
of document 
querying 
systems and 
document 
summarizing 
models(Malik 
et al., 2021) 

8 Y 

On the 
Applicability 

of 
Explainable 

Artificial 
Intelligence 
for Software 
Requirement 

Analysis 
 

Behnaz 
Jamasb 
Reza Akbari 
Seyed Raouf 
Khayami 

Preprint Explainable 
Artificial 
Intelligence 
(XAI) 
for 
classification 
of 
requirement
s 

XAI can help to 
better 
understand 
the predictions 
of the 
classifiers for 
categorizing 
software 
requirements 

(Jamasb et 
al., 2023). 

2 N 

Prioritizing 
Software 

Requirement
s Using 
Large 

Language 
Models 

 

Malik Abdul 
Sami 
Zeeshan 
Rasheed 
Muhammad 
Waseem 
Zheying 
Zhang 
Tomas 
Herda 
Pekka 
Abrahamsso
n 

Preprint LLMs to 
prioritize 
requirement
s 

 
Presented a 
novel tool to 
prioritize 
requirements 
(Sami et al., 
2024) 

1 N 

Prioritizing 
user 

requirement
s for digital 

products 
using 

explainable 
artificial 

intelligence: 
A data-
driven 

analysis on 
video 

conferencing 
apps 

 
 

Shizhen Bai 
Shizhen Bai 
Chunjia Han 
Mu Yang 
Brij B. 
Gupta 
Varsha Arya 

Journal 
Article/Future 
Generation 
Computer Systems 

XAI for 
requirement
s 
prioritization 

Demonstrated 
the potential 
of XAI to 
provide 
insights about 
requirements 
prioritization 
by interpreting 
machine 
learning 
models. (Bai 
et al., 2024) 

1 N 

Recurrent 
Neural 

Networks to 

Gramajo 
María 
Guadalupe 

Journal Article NLP 
(tokenization
), LSTM, 

The proposal 
provides an 
average 

4 Y 



 

automate 
Quality 

assessment 
of Software 

Requirement
s 
 

Ballejos 
Luciana 
Ale Mariel 

RNN to 
assess 
quality of 
requirement
s 

accuracy of 
75%., which 
shows 
promise for 
its usefulness 

Requirement
s 

Engineering 
Using 

Generative 
AI: Prompts 

and 
Prompting 
Patterns 

 

Krishna 
Ronanki 
Beatriz 
Cabrero-
Daniel 
Jennifer 
Horkoff 
Christian 
Berger 

Book 
Section/Springer 

Nature 
Switzerland 

LLMs GPT-
3.5 
evaluated 5 
prompting 
patterns for 
RE tasks 
(classificatio
n, 
requirement
s 
traceability) 

Cognitive 
verifier pattern 
and Question 
refinement 
performed 
best on 
classification.  
 
Question 
refinement 
pattern was 
best for 
traceability 
(Ronanki et 
al., 2024) 

1 N 

Requirement
s Verification 
Through the 
Analysis of 

Source Code 
by Large 

Language 
Models 

 

Juan Ortiz 
Couder 
Dawson 
Gomez 
Omar 
Ochoa 

Conference 
Paper/SoutheastC
on 2024 

LLMs in 
requirement
s verification 
source code 
analysis 

LLMs, such as 
GPT-3.5, can 
verify a list of 
requirements 
through a 
given code 
and evaluate 
why the 
requirements 
have or have 
not been 
met. (Couder 
et al., 2024) 

0 N 

Software 
requirement 

specific 
entity 

extraction 
using 

transformer 
models 

 

Garima 
Malik 
Mucahit 
Cevik 
Swayami 
Bera 
Savas 
Yildirim 
Devang 
Parikh 
Ayse Basar 

Journal Article/ 
Proceedings of the 
Canadian 
Conference on 
Artificial 
Intelligence 

Transformer 
models 
(Language 
models) 
BERT, 
RoBERTa and 
ALBERT for 
software 
specific 
entity 
extraction. 

transformer-
based NER 
models show 
promise for 
improving 
the process 
of software-
specific 
entity 
extraction 
from generic 
SRS 
documents 

7 Y 

Text 
classification 
on software 
requirement

s 
specification

s using 
transformer 

models 

Derya Kici 
Aysun 
Bozanta 
Mucahit 
Cevik 
Devang 
Parikh 
Ayşe Başar 

Conference Paper/ 
Proceedings of the 
31st Annual 
International 
Conference on 
Computer Science 
and Software 
Engineering 

Transformer 
models 
(BERT, 
DistilBERT, 
Roberta, 
AlBERT, and 
XLNet.) to 
classify 
requirement

Transformer 
models are 
useful for 
classification 
task provided 
the dataset is 
large enough 
(Kici et al., 
2021) 

10 Y 



 

 s from SRS 
document 

Towards 
dialogue 
based, 

computer 
aided 

software 
requirement
s elicitation 

 

Vasiliy 
Seibert 

Preprint NLP based 
interaction 
blueprint 

A proposal of 
an interaction 
model 
between 
requirements 
engineers and 
stakeholders 

(Seibert, 
2023) 

1 N 

Transformin
g Software 

Requirement
s into User 

Stories with 
GPT-3.5 -: An 
AI-Powered 
Approach 

 

Jay U. Oswal 
Harshil T. 
Kanakia 
Devvrat 
Suktel 

Conference 
Paper/2024 2nd 

International 
Conference on 
Intelligent Data 
Communication 

Technologies and 
Internet of Things 

(IDCIoT) 

LLM(GPT-
3.5) to 
transform 
requirement
s to user 
stories 

Reduced the 
time and 
effort 
required to 
generate 
user stories, 
minimizing 
the risk of 
human errors 
and 
inconsistenci
es in the user 
stories. 
(Oswal et al., 
2024) 

1 N 

Translating 
Natural 

Language 
Requirement
s to Formal 

Specification
s: A Study on 

GPT and 
Symbolic 

NLP 
 

Iat Tou 
Leong 
Raul 
Barbosa 

Conference 
Paper/2023 53rd 
Annual IEEE/IFIP 

International 
Conference on 

Dependable 
Systems and 

Networks 
Workshops (DSN-

W) 

GPT and 
symbolic 
NLP to 
translate 
requirement
s to formal 
specification 
(verification) 

Both 
approaches 
are feasible in 
automating 
the 
formalization 
of natural 
language 
requirements 

(Leong and 
Barbosa, 
2023) 

0 N 

Using LLMs 
in Software 

Requirement
s 

Specification
s: An 

Empirical 
Evaluation 

 
 

Madhava 
Krishna 
Bhagesh 
Gaur 
Arsh Verma 
Pankaj 
Jalote 

Preprint LLM(GPT-4) 
to draft an 
SRS 
document 

LLMs may 
facilitate a 
significant 
reduction in 
development 
time for entry 
level software 
engineers. 
(Krishna et al., 
2024) 

0 N 

 

  



 

APPENDIX B. DATA EXTRACTION 

Title Description RQ1 RQ2 Cit

atio

ns 

A Bayesian 

Network-Based 

Software 

Requirement 

Complexity 

Prediction 

Model Halima 

Sadia, Syed 

Qamar Abbas, 

and 

Mohammad 

Faisal 

(Sadia et al., 2023) Presented a Bayesian networked 

based model for predicting requirement complexity 

at an early stage of software development. 

Conducted a case study to validate its use. The 

results showed that it could be useful for a 

requirements analyst to discuss the predicted 

complexity values with the team and stakeholders to 

negotiate requirements if required.  

Requireme

nts analysis 

Machine 

learning/B

ayesian 

Network-

Based 

Model 

4 

A Generalized 

Semantic Filter 

for Glossary 

Term 

Extraction 

from Large-

Sized Software 

Requirements 

(Mishra and Sharma, 2021)Defined a generalized 

semantic filter to extract glossary terms from a large 

requirements document. Used FastText word 

embedding model for identifying domain specific 

technical terms. Results were that generalized 

semantic filtering technique was very effective for 

extracting glossary from large requirements 

documents. The technique resulted in a significant 

reduction in the size of the requirements glossary. 

Requireme

nts analysis 

(glossary) 

 

Machine 

learning/N

LP 

5 

A Natural 

Language 

Processing 

(NLP) 

Framework for 

Embedded 

Systems to 

Automatically 

Extract 

Verification 

Aspects from 

(Anwar et al., 2020)Presented a novel NLP 

framework for embedded systems. AR2AA 

(Automated Requirements Assertions analyzer) tool 

developed in C# with Sharp NLP and regular 

expression libraries for the analysis of requirements 

in embedded systems. Usefulness was demonstrated 

via a case study. The results showed that the 

proposed framework was highly effective for the 

analysis and development of verification assertions 

from textual design requirements. 

Requireme

nts 

validation 

(Verificati

on) 

NLP 16 



 

Textual Design 

Requirements 

A Non-

Exclusive 

Multi-Class 

Convolutional 

Neural 

Network for 

the 

Classification 

of Functional 

Requirements 

in AUTOSAR 

Software 

Requirement 

Specification 

Text 

(Jp et al., 2022)Presented an NLP approach for 

classifying functional and non-functional 

requirements. 

Presented an NLP pipeline for categorizing 

functional requirements from AUTOSAR SRS 

papers into several types. MLP and CNN were used 

in the classification model’s development. 

The word vectors were produced using pre-trained 

online embedding and re-training the current 

embedding model using internal data. In both cases, 

retrained vector classifier models outperformed an 

initial vector model in terms of accuracy. The 

maximum accuracy, however, is provided by the 

retrained vector CNN classifier model (77%). 

Requireme

nts 

analysis(cl

assification

) 

NLP/Deep 

Learning 

6 

Advancing 

Requirements 

Engineering 

through 

Generative AI: 

Assessing the 

Role of LLMs 

(Arora et al., 2024)Presented a SWOT analysis for 

research and development in using LLMs for RE, 

focusing on the potential for requirements 

elicitation, analysis, specification and validation. 

Additionally presented a preliminary evaluation on a 

real-world system in the context of requirements 

elicitation. Identified key weaknesses in the use of 

LLMs in RE 

Requireme

nts 

elicitation 

(also 

analysis, 

specificati

on and 

validation) 

NLP(LLM

s) 

21 

AI-augmented 

usability 

evaluation 

framework for 

software  

requirements 

specification in 

cyber physical 

human systems 

(Gupta et al., 2023) Presented an AI-augmented 

usability evaluation network, for evaluating HCI 

(Human-Computer Interaction) requirements. The 

framework consisted of personas pool creation, 

requirements modeling, and usability evaluation. 

Provided mathematical equations can be applied for 

automated computation of effectiveness, efficiency, 

satisfaction, thoroughness, validity, and reliability of 

the HCI requirements of a system. Used OpenCOG 

Requireme

nts 

validation 

OpenCOG 3 



 

AI-based 

Question 

Answering 

Assistance for 

Analyzing 

Natural-

language 

Requirements 

(Ezzini et al., 2023) The paper presented a QAssist, 

a question-answering approach that provides 

automated assistance to stakeholders in the analysis 

of natural language requirements. Based primarily 

on recent large-scale language models. The 

empirical evaluation of the tool showed that it was 

able to extract answers to questions with an accuracy 

of 84.2% 

Requireme

nts 

validation 

NLP 9 

Feasibility 

Study of 

Machine 

Learning & AI 

Algorithms for 

Classifying 

Software 

Requirements 

(Akshatha Nayak et al., 2022)The paper presented an 

approach of applying different ML algorithms for 

classifying requirements. The paper made a 

comparison between the s/w requirements tool and 

survey technique. The result of applying ML 

algorithms on simple problem indicated that ML 

algorithms are suitable for classifying requirements. 

Requireme

nts analysis 

(requireme

nts 

classificati

on) 

ML 2 

Identification 

and 

Classification 

of 

Architecturally 

Significant 

Functional 

Requirements 

(Chatterjee et al., 2020)The paper presented a 

Bidirectional Long Short-Term Memory Network 

(Bi-LSTM) based approach to identify and classify 

architecturally significant functional requirements 

from a software requirements specification 

document.  

Requireme

nts analysis 

(requireme

nts 

classificati

on 

ML (Deep 

learning) 

10 

Intelligent 

Requirements 

Engineering: 

Applying 

Machine 

Learning for 

Requirements 

Classification 

(Shatnawi et al., 2023) The paper proposed an 

automation approach for classifying natural 

language requirements as either functional, or non-

functional requirements. The approach leveraged a 

combination of Convolutional Neural Networks 

(CNN) and Support Vector Machines (SVM) for the 

classification task. The performance was evaluated, 

and the approach was found to be successful at 

automating the classification process, significantly 

reducing the need for manual labeling, which results 

in a significant time saving and reduction of errors in 

classification 

Requireme

nts analysis 

(requireme

nts 

classificati

on 

ML 2 



 

Named Entity 

Recognition on 

Software 

Requirements 

Specification 

Documents 

(Malik et al., 2021)The paper experimented with 

various Named Entity Recognition models and 

conducted a numerical study to evaluate their 

effectiveness over an SRS dataset. The analysis 

showed that entities can be extracted from SRS 

documents with high accuracy, which can be utilized 

in grouping requirements for example.  
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on) 

ML/DL 8 

Recurrent 

Neural 

Networks to 

automate 

Quality 

assessment of 

Software 

Requirements 

(Guadalupe et al., 2021) The paper discussed the use 

of neural networks in the assessment of quality 

properties of software requirements written in 

natural language. The quality properties were 

defined as: singular, correct, complete and 

appropriate as defined by IEEE 29148 standard. The 

neural networks were trained with 1000 software 

requirements. The model had an average accuracy of 

75%. 

Requireme

nts analysis 

NLP/DL 4 

Software 

requirement-

specific entity 

extraction 

using 

transformer 

models 

(Malik et al., 2022)The paper discussed the use of 

transformer models such as BERT, RoBERT and 

ALBERT for software specific entity extraction 

from structured SRS documents. The study 

suggested that fine-tuned transformer-based NER 

models could improve the process of software-

specific entity extraction in generic SRS documents. 

They could also benefit other NLP tasks in RE 

domain such as requirements classification, 

ambiguity and conflict detection in software 

requirements, and requirement quality assessment. 

Requireme

nts 

validation(

classificati

on) 

NLP 7 

Text 

classification 

on software 

requirements 

specifications 

using 

transformer 

models 

(Kici et al., 2021) The paper evaluated the 

performance of pre-trained transformer models 

(BERT, DistilBERT, Roberta, AlBert and XLNet). 

The models were tested using three SRS datasets. 

The study found that these transformer models are 

capable of accurately classifying all categories safe 

for priority of the requirements. 
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