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ABSTRACT Natural Language Processing (NLP) is widely used to support the automation of different
Requirements Engineering (RE) tasks. Most of the proposed approaches start with various NLP steps that
analyze requirements statements, extract their linguistic information, and convert them to easy-to-process
representations, such as lists of features or embedding-based vector representations. These NLP-based rep-
resentations are usually used at a later stage as inputs for machine learning techniques or rule-based methods.
Thus, requirements representations play a major role in determining the accuracy of different approaches.
In this paper, we conducted a survey in the form of a systematic literature mapping (classification) to find
out (1) what are the representations used in RE tasks literature, (2) what is the main focus of these works, (3)
what are the main research directions in this domain, and (4) what are the gaps and potential future directions.
After compiling an initial pool of 2,227 papers, and applying a set of inclusion/exclusion criteria, we obtained
a final pool containing 104 relevant papers. Our survey shows that the research direction has changed from
the use of lexical and syntactic features to the use of advanced embedding techniques, especially in the last
two years. Using advanced embedding representations has proved its effectiveness in most RE tasks (such as
requirement analysis, extracting requirements from reviews and forums, and semantic-level quality tasks).
However, representations that are based on lexical and syntactic features are still more appropriate for other
RE tasks (such as modeling and syntax-level quality tasks) since they provide the required information for
the rules and regular expressions used when handling these tasks. In addition, we identify four gaps in the
existing literature, why they matter, and how future research can begin to address them.

INDEX TERMS Natural language processing, requirements engineering, requirements representation,

syntax, semantic.

I. INTRODUCTION

Requirements Engineering (RE) is the most critical phase of
the software development life cycle [1]. It aims to specify
precisely the requirements that must be met or possessed by
the desired system [2]. RE involves a wide range of tasks
related to extracting, documenting, analyzing, validating, and
managing requirements [3]. The requirement represents the
core elements of all these tasks. It is a broad concept describ-
ing a purpose, a need, a goal, a functionality, a constraint,
a quality, a behavior, a service, a condition, or a capability [4].
Requirements play a major role in the success or failure of
software projects [5]. According to many studies, most errors
in software development projects stem from the RE phase.
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The lack of understanding of requirements increases the risk
of time and cost overrun of the project [3], [5].

Requirements come from various stakeholders who have
different needs, roles, and responsibilities, and are as such
prone to the occurrence of conflicts including interference,
interdependency, and inconsistency [6]. Moreover, require-
ments typically are specified in natural languages, which
increases the complexity of requirement engineering because
of the inherent ambiguity, incompleteness, and inaccuracy
of natural languages [7]. These factors make RE tasks chal-
lenging, time-consuming, and error-prone work mainly for
large projects, as large volumes of requirements need to be
processed, analyzed, and understood [8].

Many researches have been carried out on the automation
of different RE tasks. The proposed approaches usually start
by applying a set of Natural Language Processing (NLP)
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steps that extract linguistic features and information from
requirements texts and construct various NLP-based repre-
sentations. These representations are used in further stages
to solve the targeted task (e.g., classifying requirements
[9]-[11], detecting trace links, discovering quality defects,
etc.).

In the last decade, a growing number of works employed
various syntactic and semantic-based features to represent
requirements. The used representation is considered one of
the most important factors that affect the accuracy of the pro-
posed solutions for different RE tasks [12], [13]. Therefore,
there is a need to analyze the related literature to investigate
the suggested representations, identify gaps, and guide future
research.

To address the aforementioned needs, a systematic map-
ping review was used as a research method for this study.
A mapping review is aimed at providing an understanding
of the scope of the research activities in a given area [14].
Compared to a traditional literature review, a mapping review
has many advantages, such as a well-defined methodology
that reduces bias and a wider context that allows more general
conclusions [15]. The review presented in this paper aims to
identify all recently published primary literature that employs
NLP-based representations to support RE tasks. We classify
these works based on two aspects: the targeted RE task and
the proposed representation, and identify potentials and gaps
in the field to inform future research.

The rest of the paper is structured as follows: In section
2 we provide a background for NLP-related concepts.
Section 3 provides a quick overview of related works.
Section 4 describes the methodology adopted to conduct this
study including the search terms, online databases, and the
systematic mapping process. Section 5 presents and discusses
our results. We summarize our findings in section 6 and
conclude our paper in section 7.

Il. BACKGROUND: NATURAL LANGUAGE PROCESSING
Natural language processing is one of the main artificial
intelligence disciplines. It aims to enable computer programs
to “understand’’ and process natural language texts to achieve
some specific goals [16], [17]. Traditionally, there are three
main levels of processing in an NLP-based approach: [18]:
lexical and morphological level, syntactic level, and semantic
level.

A. MORPHOLOGICAL (OR LEXICAL) LEVEL

The Morphological level focuses on analyzing words into
their morphemes like prefixes, suffixes, and base words.
It includes common tasks, such as Tokenization and Lemma-
tization [18].

1) TOKENIZATION

the process of splitting a text into a list of tokens. Tokens can
be words, numbers, or punctuation marks.
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2) LEMMATIZATION

the process of finding the dictionary form, or the lemma,
of each word. For example, the lemma of “Supporting” and
“Supported” is “Support”.

B. SYNTACTIC LEVEL

The Syntactic level focuses on analyzing the grammatical
structure of sentences. This level usually includes Part-of-
Speech Tagging (POS-tagging), Chunking, dependency Pars-
ing, and Named-Entity Recognition [18].

1) POS-TAGGING

the process of tagging each token in a sentence with its corre-
sponding part of a speech tag (such as noun, verb, adjective,
etc.) based on its syntactical context [19].

2) CHUNKING
the process of detecting syntactic constituents such as Noun
Phrases and Verb Phrases in a sentence [20].

3) DEPENDENCY PARSING

the process of analyzing the syntactic structure of the sen-
tence, by finding out the grammatically related words, as well
as the type of the relationship between them [21].

4) NAMED-ENTITY RECOGNITION
It seeks to locate and classify named entities mentioned in the
sentence into pre-defined categories such as person names,
organizations, locations, etc [22].

C. SEMANTIC LEVEL

The Semantic level focuses on understanding the meaning of
the text. The main goal of semantic processing is to automat-
ically map a natural language sentence into a formal repre-
sentation of its meaning. Different semantic representations
have been proposed in the literature, such as:

1) ONTOLOGY-BASED REPRESENTATION

The ontology is a data model that represents a set of con-
cepts within a domain and the relationships between those
concepts [23]. WordNet [24] is one of the widely used lexical
ontologies. Ontologies are commonly used to assign words
to a predefined set of concepts and to measure semantic simi-
larity between them using different ontology-based measures
such as Wu and Palmer [25] and path-based similarity [26].

2) VECTOR SPACE MODEL (VSM)

A basic representation model that represents text as a term-
by-document matrix [27]. The Bag-of-Words (BOW) model
is a special case for VSM where words frequencies are used

as weights, and words are used as features. Other weighting
factors are used in VSM, such as IDF and TF-IDF.
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3) TOPIC MODELING-BASED REPRESENTATION

A statistical modeling approach used to discover the latent
or abstract topics that occur in a set of texts. These topics
are used to represent each text. This approach helps in find-
ing a low-rank approximation to the term-document matrix
by retaining the semantic relations between words. Latent
Dirichlet Allocation (LDA) [28] and Latent Semantic Analy-
sis (LSA) [29] are two common examples of this approach.

4) ADVANCED EMBEDDING TECHNIQUES

Embedding is an efficient method for learning high-quality
vector representations of words from large amounts of
unstructured text data [30]. Word embedding can capture the
context of a word within a document, which allows words
with similar meanings to have similar vector representations.
Many famous pre-trained word embeddings are available to
the public, such as Word2Vec [30], GloVe [31], BERT [32],
etc.

lll. RELATED REVIEWS
Many reviews have been published on the relation between
NLP and RE tasks [33]-[35].

Some of these reviews provide a broad picture of NLP
activities and technologies used in the RE domain [33], [36],
[37]. Dermeval et al. [36] conducted a systematic literature
review to identify the primary studies on the use of ontologies
in the RE domain. This study considered 77 studies published
between January 2007 and October 2013. Nazir et al. [37]
investigated the applications of NLP in the context of RE.
It included 27 studies published between 2002 and 2016.
Zhao et al. [33] introduced a comprehensive overview of the
applications of NLP in RE research focusing on the state of
the literature, the state of empirical research, the research
focus, the state of the practice, and the NLP technolo-
gies used. This study reviewed 404 relevant primary studies
reported between 1983 and April 2019.

Other reviews focused on specific RE problems.
Bozyigit et al. [38] provided a review of 44 primary studies
related to the automatic transformation of software require-
ments into conceptual models. It covered works published
between 1996 and 2020.

On the other hand, a number of reviews have limited
their work to specific templates for requirements [34], [35].
Amna et al. [35] reviewed studies that investigate or develop
solutions for problems related to ambiguity in user stories.
The study covered 36 researches published between 2001 and
2020. Similarly, Raharjana et al. [34] presented a systematic
literature review for research related to the role of NLP on
user story specification. This work found 30 primary studies
between January 2009 to December 2020.

Although all these works provided good information
regarding requirements engineering, no conducted secondary
studies have focused on the used techniques to represent
textual requirements and the involved syntactic and semantic
aspects in these representations.
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IV. RESEARCH METHOD

This study was undertaken as a systematic mapping review
using the guidelines presented in Petersen et al. [15]. The
goal of this review is to identify, categorize, and analyze
existing literature published between 2010 and 2021 and
use syntactic and semantics aspects to represent software
requirements when handling RE tasks.

A. PLANNING

In this section, we define our research questions, the search
strategy we use, and the inclusion and exclusion criteria
considered to filter the results.

1) RESEARCH QUESTION

Our work is guided by the following main research questions:

“How are the syntactic and semantics aspects consid-
ered to represent software requirements when handling RE
tasks?”.

This question is detailed in the following five RQs:

RQ1: What is the state of the published literature on RE
works that use syntactic and semantic representations
for requirements?

RQ2: In which RE tasks are the syntactic and semantic
aspects mostly considered to represent requirements?

RQ3: What are the proposed representations in the literature
for RE tasks?

RQ4: What are the main research directions to represent
requirements for each category of RE tasks?

RQ5: What gaps and potential future directions exist in this
field?

While the first question (RQ1) focuses on having a general
overview of the published works (number of publications and
the top publication venues), the second and the third questions
analyze the targeted problems in RE (RQ2) and the pro-
posed solutions (RQ3). The fourth research question (RQ4)
explores the current research directions for each category of
RE tasks, and the fifth question (RQ5) discusses the gaps and
possible future improvements in this domain.

2) SEARCH STRATEGIES

We used five digital libraries to conduct the automated search:
Scopus, IEEE Xplore, ACM Digital Library, ScienceDirect,
and SpringerLink. Scopus and ScienceDirect are general
indexing systems that help to cover a broader scope for
our search. On the other hand, IEEE Xplore, ACM Digital
Library, and SpringerLink publish papers related to the most
well-known conferences and journals related to the software
domain.

The search string is built based on the following three key
terms: ‘“‘Requirements Engineering”, “Syntactic Process-
ing”, and “Semantic Processing”. These terms are derived
from our main research question. Each of these terms is
enriched by adding synonyms and sub-fields. Table 1 shows
the whole set of selected keywords for this study divided into
three groups: A, B, and C. These groups were used to create
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TABLE 1. Keywords used in our study.

Group Main Keyword Enriched List

Group A Requirements Engineering "requirement engineering" AND "software requirement"

Group B Syntactic Processing "syntax" OR "POS-tagging" OR "tagging" OR "Dependency Parsing” OR "shallow parsing" OR
"chunking" OR "named entity recognition”

Group C Semantic Processing "semantic" OR "BERT" OR "word embedding" OR "word2vec" OR "Vector Space Model" OR "VSM"

OR "Latent Semantic Analysis" OR "LSA"

the final search query as follows:

AAND (B OR C)

3) INCLUSION AND EXCLUSION CRITERIA

Inclusion and exclusion criteria are used to filter out papers
that are not relevant to our research questions. We defined
three inclusion criteria and four exclusion criteria.

a: INCLUSION CRITERIA

IC1: Peer-reviewed research presents an approach related to
the field of software requirements engineering.

IC2: The research uses NLP techniques including syntactic
or semantic processing.

IC3: Tt is published between 2010 and 2021

b: EXCLUSION CRITERIA

EC1: Secondary research is excluded (such as literature
reviews, summaries, etc.)

EC2: The research is published in languages other than
English

EC3: Duplicate papers (only the most recent and detailed
one is considered)

EC4: The study does not provide detailed information about
the proposed approach (such as, short papers, posters,
etc.)

B. CONDUCTING THE SEARCH

The review process consists of five main stages. Figure |
illustrates these stages and the numbers of selected publica-
tions after each stage. Starting from the defined data sources,
we obtained a total of 2,227 candidate papers. Duplicated
papers were automatically eliminated using Parsifal tool!
first, and then additional duplicate entries were manually
eliminated by comparing authors, titles, and abstracts. After
removing all duplicates, 1,573 papers remained. These papers
are filtered by applying the selection criteria based on titles
and abstracts. This stage led to the selection of 252 papers.
A full-text review of those papers was then conducted to
discard papers that did not satisfy our selection criteria. The
remaining primary research papers after this stage are 98.
Finally, reference checking led to an additional 6 relevant
papers. After these stages, our final list consists of 104 unique
primary papers.

1https://paursif.al
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FIGURE 1. Search flow diagram for our systematic review.

C. DATA EXTRACTION AND CLASSIFICATION
A Data Extraction Form (DEF) is developed to collect the
required data to answer our RQs. The form is designed in a
table format consisting of the following types of information:
« Bibliometric Information: author(s), publication year,
type of publication, and publication venue.
o Targeted RE task(s).
o Proposed solution including the Syntactic and semantic
information used to represent requirements.
« Evaluation Details: evaluation dataset, used metrics, and
the results.
« limitations and constraints.

V. RESULTS AND DISCUSSIONS
This section describes and explains the results obtained by
the analysis of the 104 selected papers answering the RQs
exposed in the previous sections.
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FIGURE 2. Number of published per year.

A. (RQ1) WHAT IS THE STATE OF THE PUBLISHED
LITERATURE ON RE WORKS THAT USE SYNTACTIC AND
SEMANTIC REPRESENTATIONS FOR REQUIREMENTS?

As previously mentioned, our final list consists of 104 unique
peer-reviewed research papers. Fig 2 shows the distribution
of these publications per year. This chart reflects a growing
interest in the use of syntactic and semantic levels of process-
ing to handle RE tasks. The vast majority of papers (more
than 85%) have been published since 2015.

Among the selected papers, 47% of them appeared in
journals; 42% of papers were published in conference pro-
ceedings, while 11% of papers came from workshops.

The most popular venue for publishing articles related
to our study is IEEE International Conference on Require-
ments Engineering and its workshops with more than 12%
of papers, while the most popular journals are: Information
and Software Technology, Empirical Software Engineering,
Requirements Engineering with 5-6% of papers in each of
them.

B. (RQ2) IN WHICH RE TASKS ARE THE SYNTACTIC AND
SEMANTIC ASPECTS MOSTLY CONSIDERED TO
REPRESENT REQUIREMENTS?

We classified the retrieved papers based on the type of the
targeted RE task. Fig. 3 shows the hierarchy of all 104 papers
categorized into 6 top-level categories and 19 subcategories.
The six main categories are:

1) REQUIREMENTS ANALYSIS

This category represents the majority of publications (50 out
of 104 papers). It includes papers focusing on the following
RE tasks:

« Requirements Classification: Requirements classifi-
cation is an important step towards automatically
analyzing natural language requirements, especially
when handling projects with large numbers of require-
ments [10]. We recognized 21 papers proposing solu-
tions to various requirements classification tasks.
Most of them focused on Functional/Non-Functional
classification tasks [10], [11], [39]-[49], while the
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remaining focused on other classification tasks: secu-
rity/Not security [50]-[52], topic-based classifica-
tion [53], and classification based on requirements
importance level [54].

« Requirements Traceability: Requirements traceabil-
ity is used to capture the relationships between the
requirements, the design, and the implementation of a
system [55]. We recognized 21 papers related to this
task, part of which focused on detecting the relation-
ships between requirements (inter-dependency between
requirements) [56]-[66], while the remaining focused
on detecting the relationships between requirements and
other artifacts (design documents and source code) [55],
[67]-[74].

« Requirements Clustering: Requirements clustering is
used to organize software requirements into a set of
clusters with high cohesion and low coupling [75].
We recognized 5 papers presenting approaches to cluster
requirements. These papers used the resultant clusters
to understand the main functional groups or top-
ics over requirements [76]-[78], to organize require-
ments in a tree structure (hierarchy) [79], or as a
step towards discovering redundancy and inconsistency
between requirements [80].

« Semantic Role Labeling: Semantic role labeling is the
task of extracting semantic information from a software
requirements specification [81]. Four papers addressed
this task [81]-[83]. These works focused on mapping
requirements to formal representations by extracting
their main semantic elements such as actors, actions, and
objects.

2) REQUIREMENTS EXTRACTION
Requirements extraction (or elicitation) is one of the crucial
steps in software development. We recognized 19 papers
addressing tasks related to this category. These papers can be
divided into three groups:
« Extracting Requirements from Reviews and Forums:
9 papers [63], [84]-[91] proposed solutions for this task,
where various applications reviews and forums are used
as a source for input texts such as App Store and Google
Play.
« Extracting Requirements from Textual Documents:
7 papers [92]-[98] presented approaches to extract
requirements from SRS documents, policies, user man-
uals, and emails.
« Extracting Requirements from Similar applications:
3 papers [99]-[101] focused on recommending require-
ments based on the specifications of similar applica-
tions. This goal is achieved by processing the description
of similar products to suggest new possible features and
generate creative requirements.

3) QUALITY ASSESSMENT
Quality assessment tasks are concerned with detecting
defects in software requirements specifications. [102], [103].
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FIGURE 3. A chart illustrating the hierarchy of papers categorized based on their targeted RE task.

We recognized 17 papers focusing on tasks related to the We recognized one paper handling this level

following quality assessment tasks: (Ezzini et al. [109]).
L. . . . . . — Pragmatic Ambiguity: This level focuses on
« Ambiguity Detection: This task helps in the identifica- . . . .
. . . . detecting sentences with multiple meanings.
tion of ambiguous requirements. The works under this . . .
i We recognized one paper handling this level
sub-category (9 papers) can be further classified based (Ferrari ef al, [110])
on the discussed level of ambiguity: )

o Incompleteness Detection: This task is concerned
— Lexical Ambiguity: The main focus at this level is with detecting any possible incompleteness in require-

the ambiguity caused by words and terms. We rec- ments statements. We recognized 3 papers handling this

ognized 6 papers related to this level [10], [93], task [111]-[113].

[104]-[107]. « Conformance With Templates: This task focuses
— Syntactic Ambiguity: This level focuses on detect- on verifying that the requirements are indeed written

ing sentences that have different possible grammat- according to pre-defined templates. We recognized

ical structures. We recognized one paper handling one work proposing a solution to handle this task

this level of ambiguity (Osama et al. [108]). (Arrora et al. [114]); specifically, this work focused on
— Semantic Ambiguity: This level focuses on detect- checking the conformance of requirements with two

ing confusing contexts in sentences such as well-known templates: Rupp [115] and EARS [116]
anaphoric ambiguity and coordination ambiguity. templates.
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« Vagueness Detection: Vagueness occurs when a state-
ment can have a continuum of interpretations (e.g., when
using words like tall, large, etc.). We recognized one
paper focusing on this problem (Cruz et al. [117]).

« General Assessment: Other papers suggest approaches
providing a general assessment for different aspects of
requirements quality. Three papers can be classified
under this type [102], [103], [118]

4) MODELING

Modeling software requirements is the process of transfer-
ring the natural language requirements into models and dia-
grams [119]. We recognized 12 papers proposing solutions
related to this type of RE tasks. One of the main differences
between these works is the type of the generated model:

o Use Case Diagrams [119]-[122], that focus on actors
and their corresponding actions.

o Feature Models [123], [124], that define features and
their dependencies.

o Conceptual Diagrams [125], [126], that focus on con-
cepts and relationships between them.

o Glossaries [127], [128], which define technical terms
which are specific to an application domain.

o Goal Models [129], that focus on the objectives which a
system should achieve through the cooperation of actors
in the intended software and the environment.

o Semantic of Business Vocabulary and Rules (SBVR)
[130], which defines the semantics of business vocab-
ulary, business facts, and business rules.

5) REQUIREMENTS MANAGEMENT

Requirements management is an ongoing activity throughout
the development process [131]. We classified two tasks under
this category:

o Requirements Prioritization: the main target for this
task is to determine which candidate requirements of a
software product should be included in a certain release.
We recognized 5 papers handling this task [132]-[136].

« Effort Estimation: This task focuses on estimating the
effort involved in implementing a requirement [137].
We found 2 papers proposing methods to handle this
problem [137], [138]. Both of them focused on estimat-
ing the effort in Agile development methodologies.

6) OTHERS

One of the retrieved papers (Mishra et al. [139]) focused
on building a language model for the software requirement
domain. This model was based on a domain-specific text cor-
pus collected by crawling the software engineering category
on Wikipedia.

C. (RQ3) WHAT ARE THE PROPOSED REPRESENTATIONS
IN THE LITERATURE FOR RE TASKS?

In general, almost all covered papers consist of two main
phases:

VOLUME 10, 2022

(1) Representation Phase: NLP processing steps are
applied to analyze requirements texts, and to capture
linguistic information in order to represent them in
various forms.

(2) Solving Phase: the results of the previous stage are used
to solve the targeted problem based on various ML and
non-ML approaches.

Fig. 4 shows these two phases and the techniques used for
each of them. Overall, we recognized five different text rep-
resentation techniques used to handle the first phase: Lexical
and syntactic features, ontology-based representation, VSM,
topic modeling-based representation, and advanced embed-
ding techniques. On the other hand, two families of solu-
tions were proposed for the second phase: Machine Learning
approaches which represent 55% of papers, and Rule-Based
approaches (in 45% of papers) where patterns, regular expres-
sions, and heuristics were used.

To answer our third research question (RQ3), we explore
the representations used in the first phase in more detail:

1) LEXICAL AND SYNTACTIC FEATURES

This part represents the largest group with more than 46%
of papers (48 out of the selected 104 papers). The solutions
proposed in these papers share a similar pipeline: (1) Apply-
ing a set of NLP pre-processing steps. (2) Representing
each requirement as a pre-defined set of linguistic features.
(3) Then, proceeding to the solving phase which uses ML
techniques (such as Decision Trees [52], [81], [97], [118],
[138], SVM [10], [53], [88], and RF [49], [60], [90], [96]),
or rule-based approach using a set of syntactic regular expres-
sions [95], [117], [125], [126], [130].

The used pre-defined set of features (in step 2) usually
includes features related to the following four groups:

« The lexical and morphological features, which are
based on requirement words and their morphological
information, such as token, stem (or lemma), n-gram
(sequence of words).

o The syntactic features, which are derived from the
syntax-related information in the requirement statement,
such as POS-tag, chunks (noun or verb phrases), depen-
dency relations, and the entities extracted using NER.

« The frequency-based features, which are based on the
requirements list frequency metadata such as the number
of words and the number of requirements.

« Dictionary-based features, which are extracted with
the help of special dictionaries representing special
words lists.

To further investigate the commonly used features, Fig. 5
shows the most frequently used features and the number of
papers that consider each of these features. The most used
feature is the POS-tag, as it is considered in 34 out of the
total 48 papers related to this type of representation.

2) ONTOLOGY-BASED REPRESENTATION
This group represents about 9% of papers (9 out of 104).
It benefits from pre-defined lexicons and semantic resources
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to extend the lexical and syntactic features. Most of these
papers used a rule-based approach in their solutions by apply-
ing various ontology-path-based similarity measures. [74],
[105], [109], [110], [113].

One of the main differences between these papers is
whether the used ontology is general or domain-specific.
Fig. 6 shows three types of works under this category based on
the type of the used ontology: 6 papers used a general ontol-
ogy (specifically WordNet) [74], [105], [113], [127], [129],
[140], while 2 papers used a domain-specific ontology [109],
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[110], and one paper merges both approaches in its similarity
calculations [83].

3) VSM

Various forms of VSM representation are used in 15% of
papers (15 papers). These works combine the BOW technique
with different weighting methods. The most frequent combi-
nation is BOW with TF-IDF (10 papers). Fig 7 shows all used
weighting methods with their frequencies.

Based on this type of representation, each requirement is
represented as a vector of words or tokens or stems combined
with their weights. These vectors are used in the subsequent
phase to apply similarity-based rules [55], [71] or as an input
to train machine learning models (such as SVM [40], [69],
[871, [141]).

4) TOPIC MODELING BASED REPRESENTATIONS
About 8% of papers (8 papers) used topic modeling tech-
niques to represent requirements texts based on automatically
discovered latent topics. Two main topic modeling techniques
are used in these papers: LSA and LDA. Fig 8 shows the
distribution of these two techniques over the related papers.
The output of both techniques is a k-dimensional space that
reflects a k latent topics within the processed requirements.
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FIGURE 8. The used Topic modeling techniques with their frequency.

TABLE 2. The used word embedding techniques with their related papers.

Word Embedding ~ Related Papers

word2vec [43], [50], [58], [59], [67], [76], [101], [104],
[106], [139]

BERT [11], [47], [56], [64], [84], [91], [98]

Embedding Layer [39], [51], [112], [137]

GloVe [54]

FastText [66], [128]

Then, each requirement is represented as a vector representa-
tion in this k-dimensional space. In most related papers, this
representation is employed to calculate the similarity between
requirements as a part of similarity-based rules [70], [107] or
clustering machine learning techniques [78], [99], [135].

5) ADVANCED EMBEDDING REPRESENTATIONS

This part represents the second largest group of papers
(24 papers) with a major increase in the last couple of
years. It is noted that papers that use this kind of represen-
tations achieve promising results in many major tasks such as
requirement classification [11], [50], [51], traceability [56],
[58], [59], [64], ambiguity detection [106], and requirement
extraction [91], [98].

Based on this type of representation, each requirement is
represented as a vector of floating point values. The proposed
representations in the related papers are built following two
generic steps (Fig. 9): First, each token in the requirement text
is represented using a word embedding technique; then the
final requirement representation is constructed using the rep-
resentation of its words. To further investigate papers that use
advanced embedding techniques, we explore the techniques
and models used in the implementation of each of these two
steps.

« Word Representation: Various word embedding tech-
niques were used in the related literature. Word2vec and
BERT are the most common techniques utilized in this
group; together they were used in 17 out of the total
24 papers related to this group. Other works used GloVe
and FastText models, while the remaining papers used
an embedding layer instead (added to the front of their
neural network model).

Table 2 shows the related papers for each of the used
word embedding techniques.

« Statement Representation: Papers that use this type
of representation can be further classified based on the
method used to merge word embeddings in order to
represent statements. Table 3 shows all related papers
classified into three types of statement embedding
techniques.
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TABLE 3. the used statement embedding techniques with their related
paper.

Statement
embedding
Aggregation-based

Related Papers

[11], [47], [56]. [58], [59], [64]. [66]. [76],
[84], [91], [98], [101], [104], [128]

[43], [51], [54], [67], [112], [137]

[391. [50]

RNN-based
CNN-based

The aggregation approach is the most used technique
(16 out of 24). It produces the requirement representa-
tion by applying various aggregation methods on word
embedding results such as:

— Using the average of words embedding to represent
statements [66], [101], [128].

— For BERT-based word embedding, a special token
([CLS])) is added to the beginning of the sentence
and is used to calculate an aggregated representa-
tion of the statement [11], [64], [84], [91], [98].

— Combining the syntactic information with the
semantic ones by (1) classifying words based on
their syntactic role, (2) calculating the weighted
average for each role, then (3) concatenating the
resultant vectors to form the final representa-
tion [58].

— Representing requirements by representing its main
“semantic frames” which can be retrieved with the
help of FrameNet [142]. The representation of these
frames is calculated by averaging the embedding
vectors of their words [59].

Recurrent Neural Network (RNN) based representation
takes word embedding vectors as input. It finds a dense
and low-dimensional semantic representation for each
requirement statement by sequentially and recurrently
processing its words. Many RNN architectures have
been used in the related papers such as LSTM [43],
[51], [137], Bi-LSTM [54], BI-GRU [67], and Skip-
Thought [112].

Convolutional Neural Network (CNN) based represen-
tation takes word embedding vectors as input. It finds
the final representation through a number of convo-
lutional layers, pooling layers, and fully connected
layers [39], [50].

D. (RQ4) WHAT ARE THE MAIN RESEARCH DIRECTIONS
TO REPRESENT REQUIREMENTS FOR EACH CATEGORY OF
RE TASKS?

To answer this question, we start with a general overview
of how the research directions to represent requirements
have evolved over the last decade; then we present a deeper
analysis of the trends and possible future directions in each
category of RE tasks.

1) GENERAL OVERVIEW

Fig. 10 shows the number of papers according to the used
NLP representation and the year of publication. The bubble
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FIGURE 9. The general flow of representing requirements based on advanced embedding techniques.
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FIGURE 10. Bubble chart showing the number of papers according to the
used NLP representation and the year of publications.

chart (Fig. 10) shows clearly how the trend has changed in
the last few years from the lexical and syntactic features
to the advanced embedding techniques. These embedding
representations became the most used type in the last 2 years
(2020-2021) with 15 out of 40 published works in that period.

2) RESEARCH DIRECTIONS FOR EACH CATEGORY OF RE
TASKS

To further investigate the trends of various representations,
we studied their distribution over the main categories.

Fig. 11 shows the number of papers that used each of
these representations for each category. As noted, represent-
ing requirements based on a set of lexical and syntactic
features is the most used approach in many tasks, especially
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FIGURE 11. The percentage of used NLP representation for each category
of RE tasks.

in quality assessment and requirement modeling. However,
there is a clear interest in the use of advanced embedding and
VSM-based representations in requirement analysis tasks.

The following sub-sections discuss the trends for each
category.

« Requirement Analysis: Embedding techniques have
been proven to be useful for various requirement anal-
ysis tasks [11], [58], [59], [64]. Two recent studies [11],
[64] compared the performance of lexical-syntactic fea-
tures representation with advanced embedding represen-
tation, and concluded that using embedding vectors led
to better results in requirement classification [11] and
traceability detection [64] tasks. This finding is consis-
tent with the results observed in the NLP literature [143],
which indicate that embedding techniques are powerful
in determining the similarity of words and sentences.
of words and sentences. Similarity represents the core
operation in almost all requirements analysis tasks.

o Quality Assessment: More than 50% of quality assess-
ment papers used lexical and syntactic features to repre-
sent requirements (Fig. 11). However, a deeper analysis
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of related papers showed that we can differentiate
between two types of quality-related RE tasks:

— The majority of papers focused on lexical and
syntactic quality-related issues such as lexical
ambiguity and conformance with templates. Many
significant contributions provide experiments that
indicate the effectiveness of using lexical and syn-
tactic features to represent requirements when han-
dling this category of tasks [102], [103], [114],
[144].

— The remaining papers focused on semantic
quality-related issues such as incompleteness,
and semantic-level quality problems. For these
tasks, the most used representation in the lit-
erature is ontology-based representation [109],
[111], [113]. Besides, one of the recent interest-
ing works employed advanced embedding rep-
resentation based on an embedding layer with
a Skip-Thought model to handle incompleteness
detection problem [112].

« Requirements Extraction: It is noted that there are two
directions to handle requirements extraction tasks based
on the source of data:

— Extracting requirements from documents: the struc-
tured format of these documents motivated many
researchers to use lexical and syntactic features. All
retrieved papers under this sub-category used lexi-
cal and syntactic representations [92], [95], [96].

— Extracting requirements from reviews, forums,
or similar applications: Most of the recent papers
(especially the ones published in the last 2 years)
used advanced embedding techniques to handle
these tasks [84], [91], [101]. This finding could be
due to the approaches used to handle this type of
requirement extraction tasks; most solutions handle
the problem as a classification task (classify sen-
tences or phrases into requirements or not require-
ments classes) or a clustering task (group sentences
that mention the same aspects in the product). Both
approaches (clustering and classification) make
the embedding technique more suitable (as men-
tioned previously when discussing the requirement
analysis case).

o Requirements Modeling: Almost all works under this
category represent requirements based on their lex-
ical and syntactic features or using ontology-based
representation [120], [129], [130]. These features are
used in the form of rules and syntactic patterns to
generate various models based on rule-based transfer
techniques.

« Requirements Management: Most of the papers under
this category use lexical and syntactic features repre-
sentation [133], [134], [136]. However, the number of
NLP-based publications related to this category is still
limited to have a clear conclusion regarding the suitable
representations for this type of tasks.
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E. (RQ5) WHAT GAPS AND POTENTIAL FUTURE
DIRECTIONS EXIST IN THIS FIELD?
Our survey shows that the use of NLP-based requirements
representation has made remarkable progress over the last
decade. Based on our findings in the previous research
questions (especially RQ4), the use of advanced embedding
techniques to represent requirements seems to be promising
for most RE tasks (mainly requirement analysis, extracting
requirements from reviews and forums, and semantic-level
quality tasks). Besides, representing requirements based on a
set of lexical and syntactic features or using ontology-based
information seems more suitable for other RE tasks (such as
modeling and syntax-level quality tasks).

In the following paragraphs, we will discuss the gaps that
represent potential future research directions in this domain.

1) MORE RE DOMAIN-SPECIFIC WORD EMBEDDING
MODELS

As shown in Fig. 9, word representation plays an essential
role in representing requirements (mainly when using embed-
ding techniques). To implement this step, most researchers
use generic word embedding pre-trained models in their
solutions. One of the main limitations of these generic
models is their inability to provide appropriate represen-
tations for many domain-specific words. For example, the
domain-specific meaning of words like “‘virus,” ‘“‘cook-
ies,” “Python,” “fork,” etc. can not be captured based on
models trained on generic corpora [139]. Building such
domain-specific word embedding models is notoriously a
challenging task, especially with the little size of data avail-
able in the RE domain. One of the recent works [139]
provided an embedding model trained on 92 MB of texts
collected from Wikipedia pages related to the software engi-
neering domain. However, more research is needed (1) to
have embedding models trained on more practical industrial
texts, (2) and to evaluate the use of these models in various
RE tasks.

2) MORE SUITABLE STATEMENTS REPRESENTATION
TECHNIQUES

Another important challenge, related to embedding tech-
niques, is the way of merging word vectors to formulate
requirements representations (step 2 in Fig 9). Although the
suggested techniques lead to good accuracy in some RE tasks
(such as requirements classification and traceability detec-
tion), these representations can still be considered as a step
towards more suitable representations. Most of these works
use aggregation techniques (that ignore word order [145])
or RNN-based technique (that usually focus on predicting
the next element in a sequence [146]). These works can be
further improved by considering more RE domain-specific
representations [58]. One of the main potential future direc-
tions to handle this problem is using a ‘“‘syntax-aware sen-
tence embedding” technique that considers both the main
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TABLE 4. The final list of selected papers categorized based on the type of targeted RE task and the used text representation.

Lexical and
Syntactic Features

Ontology-Based

VSM

Topic
Modeling-Based

Advanced Embedding

Requirement [152], [44], [65], [74], [140], [83] [41], [55], [48], [40], [68], [78], [70] [39], [501], [98], [43],
Analysis [97], [51], [79], [711, [73], [76], [64], [58], [11],
[53], [46], [10], [81], [141], [69], [42], [49], [67], [66], [47], [54],
[80], [60], [57], [52], [62] [56], [59]
[61], [45], [77], [82],
[72]
Requirements [89], [96], [94], [871, [100] [99], [85], [86] [63], [91], [101],
Extraction [153], [841, [98]
[90], [95], [88], [92],
[97]
Quality [103], [117], [114], [113], [105], [110], [107] [112], [106], [104]
Assessment [118], [144], [93], [109]
[108], [111], [102]
Modeling [123], [130], [125], [129], [127] [128]
[120], [121], [124],
[122], [119], [126]
Management [138], [134], [136], [132] [135] [137]
[133]
Others [139]

syntactic roles in requirement statements (such as actor,
action, objects,. .. ) and the semantic aspects of requirements.

3) MORE ADAPTIVE SYNTACTIC PROCESSING

Many studies have concluded that there is a gap between RE
tasks automation research and its implementation undertaken
in industrial and real-life projects [147]-[149]. This gap is
more obvious in the case of rule-based approaches since
they usually need the requirements to be represented based
on specific templates [150]; hence, their success strongly
depends on the consistency of the requirements with the pre-
defined templates [114], [150]. Using such “‘template-based”’
approaches to handle RE tasks could lead to lower accuracy
when applied to new requirements written based on some
variations of the predefined template or a completely different
template. These situations are common in real-life projects
when it is hard to control requirements authoring environ-
ments, especially in large development projects, or when one
has little control over the requirements authoring environ-
ments. [12], [114], [147]-[151]. One of the potential future
research directions is working on more adaptive approaches
which can be more flexible when handling requirements,
such as identifying the syntactic structures automatically and
building more adaptive approaches based on the dynamically
identified structure.

4) MORE RESEARCH IN SOME RE TASKS

Only a few works handled the following RE tasks: require-
ments prioritization, effort estimation, and semantic and prag-
matic level quality tasks. More research should be conducted
to explore the efficiency of using advanced embedding tech-
niques for these tasks.

VI. MAIN FINDINGS
In this section, we summarize the main conclusions and
findings in the following points:
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(1) There is a significant increase in the number of papers
that use NLP-based requirements representation over
the last decade. The increase is more obvious in the last
2 years.

(ii) We recognized 104 papers that employed an
NLP-based representation to solve various RE tasks.
We classified these works based on (1) the targeted
RE task using a hierarchy consisting of 6 top-level
categories and 19 sub-categories (Fig. 3), (2) the used
NLP-based representation using 5 classes of text rep-
resentation techniques (Fig. 4).

(iii) Using advanced embedding techniques to represent
requirements seems to be promising for most RE tasks
(especially requirement analysis, extracting require-
ments from reviews and forums, semantic-level qual-
ity tasks). Besides, representing requirements based
on a set of lexical and syntactic features or using
ontology-based information seems more suitable for
other RE tasks (such as modeling and syntax-level
quality tasks).

(iv) Most of the proposed embedding-based representa-
tions use generic language models that suffer from
limitations when representing the meaning of soft-
ware engineering terms. Having more domain-specific
language models to represent words is considered
one of the important research directions in future
works.

(v) Most of the proposed embedding-based techniques rep-
resent requirements statements without giving atten-
tion to the special structure of a software requirement
that consists of clear components (actor, action, data
object, etc). Using syntax-aware statements embed-
ding could be one of the possible solutions to have
more domain-specific representations that reflect the
semantics of requirements in a better way (compared
to traditional aggregation approaches).
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TABLE 5. The Detailed Info for all 104 selected papers.

Paper Targeted Task | Input Output Representation Solving Text Processing Solving Method Details | Dataset Results
Method Method
Baker et al. 2019 Classification aReq. NFR classes Advanced ML Stop words removal; Tokenization; ANN; CNN* PROMISE+ F1:0.82-0.92
[39] Embedding Stemming;
Dias et al. 2020 | Classification aReq. FR/NFR; VSM ML Stop words removal; Tokenization; | SVM*; MNB; KNN; LR | PROMISE F1: FR/NFR 0.91
[40] NEFR classes Stemming; BOW, TFIDE, CH2 feature (lima version) /NFR: 0.72
selection
Casamayor et al. | Classification aReq. NEFR classes VSM ML Sop words removal; Stemming; BOW + | Bayesian Classifier | PROMISE Acc: 0.75
2010 [41] TF-IDF +EM strategy
Dalpiaz et al. | Classification aReq. FR/QR Lexical-Syntactic | ML 17 lexical-syntactic features including | SVM PROMISE+ Fl1: F(0.79);
2019 [10] features syn. dependency-based features Q(0.76)
Hey at al. 2020 | Classification aReq. FR/QR; NFR | Advanced ML BERT FFNN PROMISE FR/QR up to
[11] classes; FR | Embedding (Dalpiaz 0.94; NFR 0.87;
classes Version) FR up to 0.92
Khatian et al. Classification aReq. NFR classes VSM ML Stop words removal; Stemming; BOW DT; KNN; RF; NB; LR* PROMISE F1:0.75
2021 [42]
Rahman et al. | Classification aReq. NEFR classes Advanced ML word2vec LSTM; GRU; CNN PROMISE F1:0.71
2019 [43] Embedding
Rashwan et al. | Classification aReq. NER classes Lexical and Syn- | ML Tokenization, Sentence splitter, Stem- | SVM CONCORDIA F1: 0.67-0.84
2013 [44] tactic Features ming; +PROMISE
Younas et al. | Classification aReq. NEFR classes Lexical and Syn- | Rule-Based stopwords removal, stemming, POS- | similarity-based PROMISE F1:0.64
2020 [45] tactic Features tagging, famous NFR indicator key- | approach
words
Mahmoud et al. | Classification aReq. NEFR classes lexical and syn- | Rule-Based lemmatization; Normalized Google Dis- | similarity-based Own Dataset R: 0.88 /P: 0.52
2016 [46] tactic features tance (NGD) approach
Kici et al. 2021 | Classification aReq. FR/NFR Advanced ML word embedding (DistillBERT and BiL- | multi-class text classifi- | DOORS + | F1:0.80
[47] Embedding STM + ELMo) cation PROMISE
Raharja et al. | Classification aReq. Quality VSM ML Tokenization, Stop words removal, | Fuzzy similarity mea- | 6 datasets | P:0.68; R:0.55
2019 [48] aspects , TF-IDF sure + KNN (PROMISE+)
Chatterjee et al. | Classification aReq. Significant Advanced ML GloVe trained on 124 SRS Bi-LSTM + Attention Own Dataset F1:0.86
2020 [54] FR. Embedding
Palacio et al. | Classification aReq. Sec/NSec Advanced ML word2vec trained on a collected security | CNN Own Dataset Acc: 0.71-0.96
2019 [50] Embedding dataset
Kobilica et al. | Classification aReq. Sec/NSec VSM ML BOW 22 ML algorithm (in- | SecReq Acc: 0.84
2020 [51] cluding LSTM*)
Lietal. 2020 [52] | Classification aReq. Sec/NSec Lexical and Syn- | ML 140 Keywords (Lexical features) + 34 | J48; NB; LR SecReq F1:0.63
tactic Features linguistic rules (Syntactic Features) +PROMISE
Silva et al. 2020 | Classification aReq. Design VSM ML TE-IDF LR, MNB, SVM*, RF PROMISE+ F1:0.52
[141] Patterns
Ott at al. 2013 | Classification aReq. Req. Topic Lexical and Syn- | ML Tokenization, n-gram, Surrounding re- | MNB, SVM* DCU R:0.8/P: 0.6
[53] tactic Features quirements
Krasniqi et al. | Classification Issues quality VSM ML Length-based features, BOW, n-gram, | RF Own Dataset F1:0.79
2021 [49] related issue syntactic features, Semantic Triplet
Gulle et al. 2020 | Clustering a set of | Clusters advanced embed- | ML Tokenization; Stop words removal; Re- | Word Mover’s Distance | CrowdRE no measure exists
[76] ding move Template Words; word2vec based clustering
Casamayor et al. | Clustering Clusters for | lexical and syn- | ML POS-tagging; chunking; categorize can- | Clustering Based on | Own Dataset Rand Index: 0.80
2012 [77] functional tactic features didate responsibilities based on the NP | EM, CobWeb, Xmeans,
group and V relates to. DBScan
Misra et al. 2016 | Clustering SRS Docu- | Clusters Topic modeling ML pos tagging; chunking; Remove stop- | Theme based clustering Own Dataset Purity: 0.46; Fl1:
[78] ment words; lemmetization; LSA 0.52.
Eyal et al. 2018 | Clustering a set of | Clusters VSM ML Tokenization; stopwords removal; stem- | Agglomerative Own Dataset P:0.72-0.83/
[79] Req. ming; VSM Hierarchical  clustering R:0.54-0.61
(AHC)
Mezghani et al. | Clustering SRS Docu- | Clusters lexical and syn- | ML pos tagging; NP chunking to detect tech- | K-mean Own Dataset No Available Re-
2018 [80] ment tactic features nical business terms sults
Das et al. 2021 | Traceability Two Reqs Similarity Advanced Rule-Based BERT Cos Similarity 800 pairs of | Acc:0.88
[56] score Embedding reqs
Blake et al. 2015 | Traceability Two SRS | identify lexical and syn- | Rule-Based | Tokenization; stopwords removal; gen- | Similarity between reqs | Own Dataset Not Available
[57] documents | overlapping tactic features erate synonyms; determine verbs is calculated based on
requirements number of similar words
Sonbol et al. 2020 | Traceability Two Reqs similarity Advanced Rule-Based | Tokenization; POS Tagging; NP chunk- | Manhattan Distance | 5,852 pairs of | F1:0.92
[58] score Embedding ing; classify requirements to semantic | Based Similarity reqs
dimensions; word2vec
Alhoshan et al. | Traceability Two Reqs Similarity Advanced Rule-Based tokenisation, stop-word removal, POS | relatedness score based | 1,770 pairs of | F1:0.86
2019 [59] score Embedding tagging and lemmatisation, Embedding- | on frame Embeddings | reqs
based representation of semantic frames | and cos sim
Deshpande et al. | Traceability Two Reqs Dependency lexical and syn- | ML tokenized, stop words removal; lemma- | RF, SVM, NB PURE dataset F1:0.89
2019 [60] and its type tactic features tization
Samer et al. 2019 | Traceability Two Reqs related / not | lexical and syn- | ML Stop words Removal , merged syn- | Linear SVM, NB,RF*¥, | OpenReq F1:0.89
[61] related tactic features onyms, lemmatization and KNN Dataset
Sultanov et al. | Traceability Two Regs related / not | VSM ML stop words removal, stemming, | swarm intelligence Own Dataset F1:0.58
2011 [62] related VSM+TF-IDF; agent words
Lu et al. 2017 | Traceability Two Reqs related / not | lexical and syn- | rule based (A) Jaccard sim based approach (B) stop | apply two approaches | Own Datafrom | Acc:0.83
[63] related tactic features words removal; stemming; SVM+Freq; | and use fuzzy logic to | 14 projects
Cos similarity merge results
Deshpande et al. | Traceability two Reqs related / not | advanced embed- | ML stop words removal; tokenization; | BertForSequence Clas- | Redmine F1:0.93
2021 [64] related ding lemmatization; BERT sification Dataset
Guo et al. 2017 | Traceability SRSs and | related / not | advanced embed- | ML word2vec trained on a domain corpus RNN (Bidirectional Re- | Own Dataset Mean  Average
[67] Design related ding current Gated Unit) Precision: 0.59
documents
Chhabra et al. | Traceability use code-reqs VSM rule based 'VSM based model a set of huristics Own Dataset F1:0.56
2017 [73] cases+code | links
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TABLE 5. (Continued.) The Detailed Info for all 104 selected papers.

Wang et al. 2021 | Traceability reqs and | trace links VSM rule based normalization, ~ stemming, ~ VSM, | ranking technique Easyclinic, Not Available
[55] artifcats word2vec iTrust, eTour
Wang et al. 2020 | Traceability reqs and | trace links Topic modeling ML stop words removal, pos tagging, stem- | Biterm Topic | Own Dataset R/P larger than
[68] artifcats ming, TF-IDF, Topic Modeling Model-Genetic Algo 0.70/0.30
Rasekh et al. | Traceability reqs and | trace links VSM ML TF-IDF+BoW Bayesian learning , RBF | Easyclinic, al- | P:0.91;R:0.94
2019 [69] artifcats Network, LR, SVM, DT bergate
Mahmoud et al. | Traceability reqs and | trace links Topic modeling rule based VSM, VSM with thesaurus support | similarity function CM-1, eTour, | VSM-T, VSM-
2015 [70] artifcats (VSM-T), POS-enabled VSM (VSM- and iTrust. POS, ESA, and
POS), latent semantic indexing (LSI), NGD outperform
LDA, explicit semantic analysis (ESA), LSA and LDA.
and normalized Google distance (NGD).
Alia et al. 2019 | Traceability reqs and | trace links VSM rule based pos tagging, stemming, apply baseline | iTrust, Pooka, | 11%-107% and
[71] artifcats approaches + | Lynx, SIP 8%-64% higher P
Constraint-based and R than VSM
pruning to  approve and JISM
links
Aldekhail et al. | Traceability a set of | conflicts lexical and syn- | rule based basic NLP processing rule based system to | CPMS, ENP, | Accuracy: 100%
2022 [65] reqs tactic features identify conflicts FMS
Shah et al. 2021 | Traceability a set of | conflicts ontology-based rule based tokenization, pos tagging, parser, depen- | clustering requirements, | 5 datasets F1:0.65
[140] reqs dency tree, WordNet then process clusters to
detect conflicts
Arora et al. 2015 | Traceability set of | inter- ontology-based rule based chunking; extract NP and VP; similar- | similarity based algo- | Two industrial | detected 99% of
[74] regs+change| requirement ity measure using Levenstein and path | rithm case studies the impacted reqs
senario dependency based sim
Nicholson et al. | Traceability a set of | dependencies | advanced embed- | ML word embedding LR* RF, NN 3 test cases F1: 0.55-0.67
2021 [66] reqs ding
Leitao et al. 2021 | Traceability Design Association lexical and syn- | ML tokenization, pos tagging, chunking Association Rule Min- | Own Dataset 238 rules were
[72] Spec. and | Rules tactic features ing extracted
Reqs
Diamantopoulos Semantic Role | aReq Concepts  + | lexical and syn- | ML Fetures: lemma, pos, syntactic depen- | logistic regression clas- | Own Data F1:0.76
etal. 2017 [82] Labeling Relations tactic features dency relations sifier
Wang et al. 2016 | Semantic Role | aReq semantic ontology-based ML Fetures: lemmas; pos tags; chunking; | The maximum entropy | Own Dataset F1:0.85
[83] Labeling roles Verb class; parsing tree; word sense fe- | classifier
tures using wordNet and domain ontol-
ogy
Wang et al. 2015 | Semantic Role | SRS semantic lexical and syn- | ML tokenization, pos tagging, parsing, NER | DT classifier 18 SRS P: 0.92-0.93; R:
[81] Labeling roles tactic features 0.91-0.92
Ezzini et al. 2021 | Ambiguity De- | aReq is ontology-based rule based Tokenizer, POS Tagger, Lemmatizer, | a set of rules and heuris- | 20 Regs docu- | P:0.80;R:0.89
[109] tection ambigious? parser, domain-specific corpus based on | tics ments
wiki and extracted nouns
Wang et al. 2013 | Ambiguity De- | a set of | Overloaded lexical and syn- | rule based lexical features, contextual features, pat- | C-value method to ex- | 4 projects (459 | Mean  average
[93] tection Regs and tactic features tern based features tract candidate concepts | reqs) precision : 0.52-
Synonymous 0.57
ambiguity
Osamaetal. 2020 | Ambiguity De- | aReq resolving lexical and syn- | rule based syntactic parsing set of heuristics 126 P:0.65 precision,
[108] tection syntactic tactic features requirements R:0.99
ambiguity
Misra et al 2013 | Ambiguity De- | aReq aliases Topic modeling rule based POS Tagging, terms extraction, stop | Similarity-based 65 reqs F1: 0.6
[107] tection disambiguity words removal, misspelling identifica- | approach
tion, aliases identification, LSA
Ferrari et al. 2012 | Ambiguity De- | a set of | detect ambi- | ontology-based rule based Build a domain related knowledge | takes the concepts, | proof of con- | -
[110] tection Reqs guity graphs searches for concept | ceptwithanex-
paths within each graph, | ample
compare paths
Mishraetal. 2019 | Ambiguity De- | 2corpuses: | domain advanced embed- | rule based Tokenization, Punctuation | find out which of the | a set of exam- | -
[104] tection related/not specific ding Removal,Stop word removal, PoS | commonly wused CS | ples
related to | ambiguous Tagging, Lemmatization, learn | words have a different
the domain | CS words word2vec from each corpus meaning
matsuoka et al. | Ambiguity De- | SRS detect ontology-based rule based sentence tokenization, extract terms us- | For each term: get re- | a set of exam- | -
2011 [105] tection ambiguous ing wordNet, C-Value lated sentences, and use | ples
terms C-value and WordNet
semantic  similarity to
cluster them
Ferrari et al. 2019 | Ambiguity De- | corpuses ambiguous advanced embed- | rule based crawl Wikipedia to extract domain spe- | For each domain: find | data from 5 do- | Maximum
[106] tection from terms ding cific documents; Language Models Gen- | most freq. nouns, find a | mains Kendall’s Tau
different eration set of top similar words of 88
domains for each noun. Compare
similar words to find
ambiguity score
Dalpiaz et al. | Ambiguity De- | a set of | near- lexical and syn- | rule based lexical and syntactic calculate the similarity | 28 data sets R:0.25; P: 0.51
2019 [144] tection Reqs synonyms tactic features between terms then be-
terms tween their context us-
ing Cortical.io
Parra et al. 2015 | General a set of | Good or Bad | lexical and syn- | ML 24 quality metrics that reflect lexical and | C4.5%*, PART, with Bag- | INCOSE Acc: 0.87
[118] Assessment reqs Requ tactic features syntactic information ging and Boosting corpus
Femmer et al. | General a set of | quality lexical and syn- | rule based POS Tagging; Lemmatization a set of rules and heuris- | 1471 reqs P:0.59; R:0.82
2017 [102] Assessment Regs scores tactic features tics
Ferrari et al. 2018 | General a Require- | 10 types of | lexical and syn- | rule based Tokenization; POS Tagging; Shallow | dictionaties and rules D-Pilot and D- | P:0.83; R:0.85
[103] Assessment ment defects tactic features Parsing; Gazetters; JAPE rules; Large
Ferrari et al. 2014 | Incompleteness | a set of | Completeness | lexical and syn- | rule based POS Tagging, extract POS-based pat- | calculate completeness | pilot study -
[111] Detection Reqs score tactic features terns (adjective+noun) score based on C-NC

Values
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TABLE 5. (Continued.) The Detailed Info for all 104 selected papers.

Liu et al. 2021 Incompleteness | SRS Docu- | is advanced embed- | ML Tokenization, POS, Stop words removal; | a graph-based clustering a set of | F1:0.52
[112] Detection ment incomplete? ding Lemmatization; skip-thoughts sent2vec aerospace
encoder reqs
Baumer et al. | Incompleteness | aReq solve ontology-based rule based Semantic Labeling; Stopwords removal; | a set of predefined rules | 400 selectedre- | Fl:
2018 [113] and Ambiguity predefined POS tagging; WordNet to solve some defect | quirements Incomp.(0.76);
Detection defect cases cases Ambig. (0.78)
Cruz et al. 2017 | Vagueness De- | aReq is vague? lexical and syn- | rule based sentence splitrer, POS-tagging, get ad- | pilot study P:0.34; R:0.94
[117] tection tactic features jectives and adverbs that match a black-
list of known vague terms or does not
match a whitelist of not vague terms.
Arora et al. 2015 | conformance aReq Conformance | lexical and syn- | rule based Tokenization; POS tagging; NER; | Req Exp based on pat- | 4 test cases F2:0.96-1.0
[114] with templates or Not tactic features Chunking tern matching
Abualhaija et al. | Extraction a textual | Req or Not | lexical and syn- | ML 20 Features: token-based features, | RF with cost sensitive | 33industrialset | P:0.81,R:0.95
2020 [96] from Docs document Req tactic features syntactic features, semantic features, | learning + a set of Post- | of regs.
frequency-based features Processing steps
Haris et al. 2020 | Extraction SRS Req or Not | lexical and syn- | rule based POS Tagging, chunking POS tagging pattern PURE dataset P:0.64-1.0; R:
[95] from Docs Req tactic features 0.64-0.89
Quirchmayr et al. | Extraction user man- | list of fea- | lexical and syn- | rule based POS tagging; terms extraction ; parsing; | Syntactical patterns industrial case F1:0.92
2018 [94] from Docs ual tures tactic features Pattern-based parse tree transformations
and correction
Wang et al. 2013 | Extraction a textual | requirements lexical and syn- | ML Tokenization, lemmatization, pos tag- | Bi-LSTM-CRF 22 SRS docu- | F1:0.86
[93] from Docs document tactic features ging, dependency parsing ments
Shi et al. 2021 | Extraction Mailing Feature lexical and syn- | rule based 81 fuzzy rules 10 semantic sequence | 317 emails | Avg  precision:
[92] from Docs list requests tactic features patterns from Ubuntu | 0.76 Avg recall:
community 0.86
De et al. 2021 Extraction user extract chunk | advanced embed- ML tokenization, BERT use B,1,0 annotations to | reviews dataset | F1 Exact Match
[84] from Reviews review which repre- | ding label boundaries for 8 Apps (125 | (0.46); Partial
sent a feature for each) Match (0.62)
Bakar et al. 2016 | Extraction user features Topic modeling rule based stop words removal, lemmatization, pos | syntactic patterns to ex- | 32 software / | P:  0.87 (0.62
[85] from Reviews review tagging, TF-IDF, Term-Document Ma- | tract features 1253 sentences | avg); R: 0.86
trix, (0.82 avg)
Carreno et al. | Extraction user feed- | main topics Topic modeling ML tokenization, stop words removal, topic modeling and sen- | data set of 327 | P: 0.90; R: 0.5-
2013 [86] from Reviews back timent analysis comments 0.8
Jha et al. 2018 Extraction user bugs or fea- | VSM ML (1) BOF: based a probabilistic frame | SVM* NB Three datasets | Fl: Features
871 from Reviews review tures semantic parser. (2) BOW: Stemmer, of reviews (0.75); Bugs
BOW (0.85)
Lietal. 2018 [88] | Extraction user classify user | lexical and syn- | ML Unigram; TF-IDE; lexical and syntactic | SVM*, KNN, NB KeePass, Avg Acc: 0.77;
from Reviews requests requests to 8 | tactic features patterns Mumble, AvgR: 0.54-0.81;
types ‘WinMerge Avg P:0.73-0.92
Lu et al. 2017 | Extraction user 4 reviews | advanced embed- | ML the paper used word2vec to produce: | Naive Bayes, J48, and | 4000 sentences | F1:0.71
[63] from Reviews review classes. ding AUR-BoW Bagging*
Peng et al. 2016 | Extraction user feature lexical and syn- | ML lexical processing, pos tagging, depen- | Naive Bayes 1924 reviews F:0.82
[89] from Reviews reviews requests tactic features dency parser
Yang et al. 2021 | Extraction user features lexical and syn- | ML Sentence splitting, sentiment analysis, | RF reviews for 6 | F1:0.72
[90] from Reviews reviews tactic features POS tagging, stemming products
Wu et al. 2021 | Extraction reviews key features advanced embed- | ML tokenization, pos tagging, dependency | A regression model to | 200 app with | F1:0.78
[91] from Reviews ding parsing, BERT identify features 1,1M reviews.
Jiang et al. 2019 | Extraction featurs+repo| suggested Topic modeling ML BOW+LDA clustering technique 533 annotated | Hit@15 score: up
[99] From Similar | of similar | new features features from | to 78%
Apps applica- 100 apps
tions
Abbas et al. 2020 | Extraction corpus of | recommended | VSM ML Stop words removal, pos tagger, | clustering require- | 188 Acc: 0.74
[100] From Similar | reqs requirement Lemmatization, TF-IDF ments+ use Neighbours | requirements
Apps to recommend reqs
Do et al. 2020 | Extraction set of re- | suggested advanced embed- | ML stemming, tokenization, doc2vec, POS | clustering based BIRCH | 571  systems | Human
[101] From Similar | quirements | new ding tagging algorithm from 3 domains | evaluation
Apps requirements
Hussain et al. | Effort Estima- | a set of | Function lexical and syn- | ML features including: NP; Parentheses; Ac- | C4.5 4 projects F1:0.66
2013 [138] tion reqs Point Level tactic features tive Verbs; Tokens in parentheses; Con-
junctions; Pronouns; VP; Words; Sen-
tences; Uniques (hapax legomena)
Choetkiertikul et | Effort Estima- | requirements| story points advanced embed- | ML word embedding LSTM and recurrent | 23,313 issues outperforms
al. 2018 [137] tion ding highway network 3 common
baselines
Ali et al. 2021 | Prioritization set of re- | priority VSM rule based Tokenization, POS tagging, Stemming, | case-based  reasoning | four different
[132] quirements Stop words removal, BOW (CBR) technique case studies
Kifetew et al. | Prioritization set of reqs | priority lexical and syn- | rule based tokenization, pos tagging, stemming, | extracts quantifiable | two empirical
2021 [133] + reqs’ tactic features sentiment analysis, intention score, | properties relevant for | studies
feedbacks severity score prioritizing regs.
McZara et al. | Prioritization set of re- | priority lexical and syn- | rule based tokenization, stemming, pos tagging SMT solver + AHP 100 regs (top
2015 [134] quirements tactic features 20 are anno-
tated)
Misra et al. 2014 | Prioritization set of re- | priority Topic modeling rule based pos tagging, entities and action extrac- | similarity-based 41
[135] quirements tion, LSA approach requirements
Shafiq et al. 2021 | Prioritization a set of | suggested lexical and syn- | ML semi-automatic 19 projects average top3 acc
[136] Reqs priority tactic features approach 81%
Al-Hroob et al. | Modeling a set of | Use Cases lexical and syn- | ML Tokenization, pos tagging, dependency | ANN to predict the role | S5 testcases F1:0.43-0.44
2018 [122] (UML) Regs tactic features parsing of each word
Elallaoui et al. | Modeling a set of | usecases lexical and syn- | rule based pos tagging rule based 90 user stories P: 0.87; R:0.85
2018 [119] (UML) Regs tactic features
Hamzaetal. 2019 | Modeling a set of | usecases lexical and syn- | rule based Tokenization; POS tagging; Chunking: | rule based 4 test cases P:0.72; R: 0.69
[121] (UML) Reqs tactic features Grammar patterns tagging
Tiwari et al. 2019 | Modeling a set of | usecases lexical and syn- | rule based POS Tagger, Dependency Tree rule based 10 case studies. | Human
[120] (UML) Reqs tactic features Evaluation
Haj et al. 2021 Modeling a set of | SBVR lexical and syn- | rule based Lemmatization, pos tagging, depen- | rule based 3 case studies F1:0.87
[130] (SBVR) Regs tactic features dency tree, NER,
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Lucassen et al. | Modeling a set of | concepts and | lexical and syn- | rule based tokenization; pos tagging, dependency | a set of heuristic rules 4 industrial | R:0.88-0.97;
2017 [126] (Conceptual Regs relations tactic features parsing data sets P:0.92-0.98
Model)
Thakuretal. 2016 | Modeling a set of | concepts and | lexical and syn- | rule based tokenization; pos tagging, dependency | rule based 40 use cases Acc: 0.91
[125] (Conceptual Regs relations tactic features parsing
Model)
Hamzaetal. 2015 | Modeling (Fea- | a set of | Features lexical and syn- | rule based tokenization, pos tagging a set of heuristic rules 4 case studies human evaluation
[124] tures Model) Regs Model tactic features
Sree-Kumar et al. Modeling (Fea- a set of | Features lexical and syn- | rule based Stop words removal, Tokenization, NP | Set of heuristics rules 6 case studies Features: P 0.40-
2018 [123] tures Model) Regs tactic features chunking, TF-IDF 0.73/R 0.57-0.93
Relation: P 0.41-
0.87/R 0.48-0.76
Arora et al. 2016 | Glossary Terms | a set of | Glossary + | ontology-based rule based tokenization, pos tagging, chunking, | a set of huristics | 3setseachcon- | F:0.52-0.64
[127] Extraction Reqs clustering Soft TF-IDF, wordNet + similarity-based | sistsof 110-380
terms approach reqs
Bhatia et al. 2020 | Glossary Terms | a set of | Glossary + | advanced embed- | ML Stop words removal, Tokenization, | Similarity Matrix is cal- | CrowdRE F1: Terms (0.39);
[128] Extraction Regs clustering ding chunking; Lemmatization, WordNet to | culated based on fast- | Dataset Clustering (0.65)
terms remove common concepts Text + EM for clustering
Gunes et al. 2020 | Modeling a set of | goal model ontology-based rule based stopwords removal, pos tagging, extract | huristic rules a test case -
[129] (Goal Model) Regs user story el , similarity scores
Mishra etal. 2021 | Language corpus  of | SE word | advanced embed- | ML word embedding word2vec size of our | -
[139] Model texts from | embeddings ding trained model
wiki model is 92MB
Dollmann et al. | Extraction a set of | reqs+Semantic| lexical and syn- | ML Features: (1) Extraction Approach | ExtraTreeClassifier dataset  from | FI:
2016 [97] From Docs | sentences labeling tactic features (BOW; Length; dependencies; POS SourceForge Extraction(0.91);
+ Semantic tags). Semantic Labeling (Orthographic; semantic labeling
Labeling Semantic using WordNet; dependencies) (0.73)
Sainani et al. | Extraction Contracts Obligation or | advanced embed- | ML stop words, lemmatization, bigrams and | BiLSTM contracts F1:  Extraction
2020 [98] From Docs / documents not ding trigrams, TF-IDF document (250 (0.93);
Classification pages, 1608 | Classification
sentences) (0.60-0.96)

(vi) There is a need for more flexible approaches in terms
of the ability to handle requirements that do not follow
(completely or partially) standard requirements tem-
plates, which is the common case in real-life projects.
The number of researches that use NLP-based repre-
sentation is still limited for some RE tasks (require-
ments prioritization, effort estimation, semantic-based
quality assessment).

Finally, tables 4 and 5 summarize the extracted information
for all 104 selected papers, in addition to their categorization
based on their targeted RE task and the used text representa-
tion. In the matrix represented in Table 4, each cell includes
the papers related to each category of RE tasks and text repre-
sentation. Note that two papers ( [97] and [98]) are mentioned
twice in the table since they are related to both requirement
analysis and requirement extraction categories. Table 5 shows
a detailed summary of the 104 papers. This table includes
detailed information about the input and the output of the
approach proposed in each paper. In addition, it encloses
other descriptive information including the employed text
processing steps, details about the solution technique (e.g.,
which ML approach is used), the used dataset, and a sum-
mary of the results. This table provides a starting point for
researchers and practitioners in this field to obtain a quick
overview of the state-of-the-art in each RE task, including
the recommended dataset to be used and the most related
publications.

(vii)

VII. THREATS TO VALIDITY

Likewise any secondary research process, it is almost impos-
sible to guarantee that we found the entire population of all
the relevant papers. However, several actions were under-
taken to minimize threats to validity.

62826

« To ensure the inclusion of almost all relevant academic
works in the field, we followed a systematic mapping
review methodology based on the recommenced guide-
lines for similar cases. [15].

« Five reputable and well-known data sources (Scopus,
IEEE Xplore, ACM Digital Library, ScienceDirect, and
SpringerLink) were chosen to maximize the number of
candidate papers.

« We tried to make our search string as general as possible
by including various synonyms for each term and by
including papers that cover either syntactic or semantic
aspects. However, the final search string may not encom-
pass all the existing synonyms, which might lead to
not capturing all the relevant studies. We mitigated this
threat by checking the references of the final selected
papers to add any additional relevant works.

« To minimize mistakes caused by subjective analyses,
we followed a rigorous study selection process, guided
by clear inclusion and exclusion criteria. However, the
exclusion of papers published in languages other than
English may have failed to potentially find some relevant
works.

« When there were doubts or conflicts about whether to
include an article or not, the final decision is discussed
between authors.

« To obtain data consistency and avoid bias in data extrac-
tion, we defined a clear data extraction template and
discussed our results in several brainstorming sessions.

VIil. CONCLUSION

This study presents a systematic mapping review of the used
NLP-based representations in various RE tasks. Starting from
2,227 papers retrieved from five well-known digital libraries,
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we recognized 104 primary papers fulfilling the inclusion and
exclusion criteria. We analyzed these works and categorized
them based on: the targeted RE task and the used text repre-
sentation.

Our results indicate that about two-thirds of retrieved
publications handle tasks related to requirements classifi-
cation, requirements traceability, ambiguity detection, and
extracting requirements from reviews and documents. On the
other hand, Lexical and syntactic features are widely used
to represent requirements (more than 45% of publications).
Besides, a growing number of papers use advanced word
embedding techniques, especially in the last two years. More-
over, we summarize the main research directions to represent
requirements in each category, and identify the gaps and
possible future directions.

The data extracted from the selected 104 papers and their
categorization, can help as a useful set of references for
further analysis in each task or category of tasks in RE.
Besides, trends and gaps identified from this mapping study
have provided many new ideas for research opportunities.
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