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Abstract— Malaysian public sectors have invested billions in digitizing systems. Electronic government efforts created much software.
Our informal interview taught us that many software projects encountered delays, and several failed. One of the main contributions of
software failure is ambiguity in requirements specification (RS). Ambiguity is a familiar requirement smell that causes
misinterpretation. Thus, we seek to devise a technique for detecting and improving ambiguous RS in the Malaysian public sector. One
of our challenges is that the Malaysian public sector RS is developed in Malay, and most available techniques support English and other
major languages. Hence, this paper investigates the automated and semi-automated techniques to detect and improve ambiguous RS.
Following the standard guidelines for systematic mapping, review, snowballing, and quality assessment, we studied works from 2010 to
2022 on ambiguity detection and improvement techniques. We chose 42 articles as primary studies from 2,549. As a result, Natural
Language Processing (NLP) and machine learning (ML) are the most promising techniques for automated and semi-automated
ambiguous detection models. Furthermore, the ambiguous improvement technique began using deep learning (DL) in 2019. However,
most proposed tools are still in the validation phase and are not widely employed, implying that tool development and validation
research are progressing slowly. Apart from the generic linguistic context of RS, some research focuses on industrial domain-based RS.
Our study shows that additional strategies have been developed to overcome RS-related issues.
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in the deployment of a defective product [17], [18].
I. INTRODUCTION Ambiguous RS occurs when there are various definitions and
confusion [19]. These issues may cause stakeholder
confusion, unmet demands, and software products not
meeting stakeholder needs [20], [21]. Ambiguity can be
unacknowledged, which means that numerous readers may
have various interpretations of the exact requirement if they
are unaware of the ambiguity [22]. In contrast to recognized
ambiguity, in which the reader is aware of the ambiguity,
unacknowledged ambiguity may result in significant issues
due to unconscious misinterpretation. However, manually
finding ambiguous RS is tedious [22].

The Malaysian public sector has spent billions of dollars on
electronic government initiatives. Much software has been
developed to provide a holistic electronic government
platform. Nevertheless, a semi-structured survey revealed that
software developments faced delays and failures due to
requirement smells (ambiguity, incompleteness etc.) [23].
Ambiguous RS was frequently mentioned as a significant

The software RS is the most crucial document for software
quality[1]-[3]. RS outlines what software must fulfill to meet
functional and non-functional needs [4]. RS contains the
essential information in other software development phases,
i.e., design, validation, etc. Thus, RS can impact software
development project stages [5], [6]. The RS includes Business
Requirements Specification (BRS), User Requirements
Specification (URS), and Software Requirements
Specification (SRS) [7]. Producing a quality RS document is
difficult since natural language (NL) describes needs and may
contain smells (e.g., ambiguity, inconsistency, etc. [8]-[10].
Critical system requirements are still expressed in ambiguous,
imprecise syntax and semantics [11], [12]. Requirement
smells can lead to misinterpretation, which increases the risk
of time, expense overruns, and project failure [13]-[15].
Defects identified late are more expensive than those found
early [16]. Ambiguity is a prevalent RS issue that can result
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contributor to software failure. NL-written RS is ambiguous,
leading to various implementations later in software
development [24]. According to Tukur et al. [25],
programmers can interpret ambiguous requirements in their
favor. These could lead to unfit systems. Common problems
with software requirements, namely ambiguity, may affect
software acceptance testing and subsequent phases of
software development [26]. A critical quality factor is writing
a straightforward SRS without ambiguity and redundancy
[27]. A lengthy and fragmented statement of the requirements
lowers the quality of the SRS. Therefore, a theoretical
framework is formulated based on the discovered issues:
"Ambiguity in Malay RS negatively affects the completion or
delay of software development projects."

Motivated by the theoretical framework, our primary
research goal is to devise a technique for detecting and
improving ambiguous RS in the Malaysian public sector.
However, developing such a technique is challenging since
most available research and technologies support English and
other major languages, but not the Malay RS. Thus, this paper
aims to review the requirements of smell detection (focusing
on ambiguity defect) and develop an automatic or semi-
automatic requirement smells detection and improvement
method for Malay RS. We followed [28] guidelines in
conducting the systematic review. In addition, we enhance the
quality of the selected final studies by applying a quality
assessment [29]. The systematic review guidelines are based
on the research questions (RQ) and research objective (RO)
as follows:

¢ RQI1: What are the familiar smells in the RS studied by
the researchers? (RO1: To investigate and identify the
various smells in the RS.).
RQ2: What are the common approaches for smell
detection and improvement in RS? (RO2: To explore,
build, and evaluate the ambiguous classification and
improvement model.)

This paper contributes the following: i) explore and map
various requirement smell attributes. ii) present the trend
using NLP and ML in requirement smell detection. iii)
Analyse the typical techniques for detecting ambiguity and
improving Malay RS. iv) Present the feasibility of detecting
ambiguity and improving Malay RS semi or automatically.

For the related works, Amna and Poels [30] reviewed
papers from 2001 to 2020 on ambiguity requirements in user
stories. According to the literature, the researchers found user
stories inconsistent, insufficiently describing requirements,
and duplicated functionality. Human behavior-related and
cognitive elements causing ambiguity and solutions are
understudied. Kaur et al. [31] surveyed published research on
requirement engineering (RE) artificial intelligence (Al)
techniques. This report examines 21 Al approaches for
automating RE tasks. There are five (5) studies related to
ambiguous requirements. Automatic classification of ML
techniques outperforms manual classification procedures.
Researchers employed ML classification to predict software
performance from requirements. Ahmad et al. [32] examined
current approaches for describing requirements for Al
systems, identified available frameworks, methodologies,
tools, and techniques for modeling requirements, and noted
existing obstacles and limitations. The researchers conducted
thorough mapping research to identify articles on current
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approaches to RE for Al. Ahmad et al. [32] discovered 43
research articles. The findings revealed that present RE
applications were not sufficiently flexible in developing Al
systems and underlined the need for new methodologies and
tools to assist RE for Al. Yadav et al. [12] reviewed NLP-
based RE tools for disambiguation. Study tools and processes
include controlled NL, style guides, knowledge-based
methods, and transfer learning. These reliable tools did not
eliminate ambiguity. ML and knowledge-based produce
better results.

Riaz et al. [33] reviewed 25 tools detecting the ambiguous
RS between 2008 to 2018. The review is based on approaches,
technologies, and ambiguities addressed. Riaz et al. [33]
evaluated the tools and approach popularity using citations.
RE-Context is the most cited article (196 sources). Authors
ranked articles based on the number of citations. We
aggregate the number of citations but select critical articles
based on quality. Zhao et al. [10] conducted surveys and
reviews to understand NLP in RE. The studies introduced 130
new linguistic analytic tools. Despite this, the industry has not
accepted these tools, demonstrating a lack of NLP for RE
standards. We found the researchers did not cover the NLP
sub-techniques, i.e., tokenization etc., used in 130 NLP-based
tools.

Raharjana et al. [9] conducted a systematic literature study
to acquire the most recent state-of-the-art NLP research on
user story-based requirements. The search approach retrieved
relevant publications from six (6) trustworthy databases, such
as SCOPUS, ScienceDirect, IEEE Xplore, etc. The search
results are filtered using inclusion and exclusion criteria.
Researchers employed both forward and reversed
snowballing to generate more comprehensive results.
Raharjana et al. [9] discovered 38 quality research articles that
discuss NLP approaches in user stories. Researchers
uncovered defects (i.e., ambiguity), developed software
artifacts, identified user stories' essential abstraction, and
traced model-user story relationships. Montgomery et al. [5]
undertook a systematic mapping analysis to provide an
overview of empirical research on requirements quality. The
researchers obtained 6,905 publications from six (6) academic
databases, which were reduced to 105 relevant primary
papers. Empirical research on requirements quality focused
on improvement strategies; few primary articles address
evidence-based definitions and evaluations of quality
features. Ambiguity, completeness, and consistency were the
top 12 qualities that stood out the most. Researchers found
111 quality sub-types, such as "template compliance" for
consistency and "passive voice" for ambiguity. Most of these
subtypes contain ambiguity. Although all these studies
provided rich information regarding the systematic literature
review of requirement specifications' quality and defects,
none focused on ambiguity detection and improvement for
Malay RS.

The rest of this article is assembled as follows. Section II
reports the approach employed to conduct the research. This
section consists of three stages, i.e., planning, conducting, and
documenting the review. Following this, section III reports
the results and discusses the findings. Finally, the conclusion
is presented in section I'V.



II. MATERIALS AND METHOD

We followed a thorough and reliable series of
methodological Budgen and Brereton [28] guidelines to study
literature. The research methodology overview is illustrated
in Fig. 1.

Planning Conducting Documenting

Identify Needs for LR Select Primary Studies Document Observations

Extract Data

Analyse Threats

Define Review Protocol Synthesize Data Report Results

Review Protocol

Study Report

Evaluations

Fig. 1 Overview of research methodology

A. Planning the Review

The need for a systematic review leads to the following
study strategy: Step 1-Recognise the need for review. Section
I contains the RQ that guides the systematic review
methodology creation and evaluation. Step 2-Identify the
RQs. The RQs provide the basis for developing a search
strategy for extracting literature. The rationale for each
question defines the fundamental goal of the investigation.
Step 3 - Define and assess the review procedure. We describe
the RQ and scope to build search strings for literature
extraction.

B. Conducting the Review

Starting with study selection and ending with extracted
data and synthesized information, the second phase is
conducting the review: Step 1-Select primary studies. Budgen
and Brereton [28] guidelines generated the search phrases
based on the RQs. Fig. 2 shows the composition of 5,544
search strings applied to seven (7) credible databases,
including ACM, IEEE Xplore, Science Direct, Scopus,
Springer Link, Wiley, and Google Scholar. We gathered
2,549 peer-reviewed articles from 2010 to 2022.

Detection and Impr Rec 1 0n 1s User Reqt Specification
Written in Malay Using Machine Learning
l |

Detection <OR> Identification <OR> Uncovering <OR> Disclosure <OR> Find <OR> Improvement
<OR> Recommendation <OR> Enhancement <OR> Upgrade <OR> Increase
<0OR> Suggestion <OR> Proposition [AND]

v

Ambiguity <OR> Ambiguous <OR> Vague <OR> Doubt <OR> Unclear <OR> Uncertain <OR>
Dubious [AND]

v

Requirement <OR> Specification <OR> Need <OR> SRS <OR> URS <OR> BRS [AND]

Malay <OR> Malay Language [AND]

v

Machine Learning <OR> Artificial Intelligence <OR> Natural Language Processing <OR> Deep
Learning <OR> Transformer <OR>text Classification <OR> Text Understanding <OR=> Text
Generation <OR> Language Model <OR> Text Mining <OR> NLP

Fig.2 Composition of search strings and search results

2296

The primary study's selection processes include database
search, inclusion/ exclusion, snowballing, and final selection
with quality assessment, as illustrated in Fig. 3.

Search Strings

Science ‘ = ‘
Direct ) | S°OPUS ) q

B — Initial

{ Studies

< ) )
Springer [ _ ‘
Uik )\ Wiley
o

»

Google

\ . Scholar /

Result: 2,549

)

EINE

Exclusion
Criteria

Selection

Result: 36

\ 4
Y JNE

Primary Pre Final Selected
Selection Snowballing Studies

. ’ Result: 47

S8

Pre Final Selecte: Final Selected
Studies  Quality Assesment  Studies

Result: 42

Fig. 3 Primary study selection process

Initial Selection: The researchers examine the titles of
possible primary studies against the inclusion/ exclusion
criteria in Table 1.

TABLEI
INCLUSION AND EXCLUSION CRITERIA

Criteria

Rationale

Inclusion (I)

Exclusion (E)

11: The article is within the
context of research.

12: The article presents
solutions, knowledge, or
measurements for identifying
and recommending
ambiguous RS.

E1: The articles do not
address ambiguity RS
detection and improvement.

E2: The articles do not
suggest a process, method, or
tool to detect and recommend
ambiguous RS.

E3: The articles do not
include editorials, abstracts,
or brief articles (less than six
(6) pages).

E4: The articles do not
include secondary studies.
E5: The articles do not
include non-peer-reviewed
studies, white papers,
manuscripts not in English
and Malay (excluding articles
not in English and Malay), or
unbelievable sources.

E6: The articles do not
include magazine or non-
academic articles.

A research article ensures
peer review consistency
and has much material.
Ambiguity detection and
improvement RS require
concrete solutions,
metrics, and evaluations.

We aim to study the
detection and
improvement
recommendation of
ambiguity RS, excluding
any other ambiguity.
These studies do not
explicitly detect or even
recommend ambiguous
RS.

These studies do not
provide unbiased
knowledge.

These studies propose no
approach.

Since ambiguity
requirements are too
context-specific for other
domains, we decided to
exclude them.

These studies do not
provide non-academic or
research content.

Final Selection: After the inclusion/ exclusion task, 36

studies were chosen. Snowballing from identified article
reference lists should be employed alongside database
searches to find more relevant articles. This method resulted



in the inclusion of seven (7) meaningful studies. Thus, 47
studies were selected for qualitative assessment. Qualitative
Assessment of Included Studies: We ranked these studies
using numerical quality ratings. The number of citations did
not represent the articles' quality. We followed the qualitative
assessment guidelines by Jamshidi et al. [29]. Table II shows
the quality assessment checklist.

TABLE II
CHECKLIST FOR QUALITY ASSESSMENT
Score

\

o
. — I =
General Items for Quality Assessment (A) I >
8 3 2

>

<

(=W

Al: Are the definition of the issue and the
study's motivation presented?

A2: Is the research setting clarified in which
the analysis was performed?

A3: Is the methodology of the study and its
organization stated clearly?

A4: Are the research contributions in line with
the findings presented?

AS5: Are the observations and lessons learned
directly stated from the research?

Specific Items for Quality Assessment (B)
B1: Is the study based on ambiguity
requirements detection and improvement
recommendations?

B2: Are the specifics of relevant research
specifically discussing the identification and
recommendation of ambiguity requirements?
B3: Does the research assessment explain the
research methodology clearly?

B4: Are the outcomes in a non-trivial
assessment sense explicitly validated?

BS5: Are drawbacks and potential repercussions
for the identification and improvement
recommendation of ambiguity requirements
positioned?

We established a quality ranking based on the quality
assessment checklist. Al to A5 reflects the general
assessment criteria, with a 25% maximum score each;
meanwhile, B1 to B5 reflect the specific assessment criteria,
with a 75% maximum score each. The highest score for the
qualitative assessment is 4. i) Score 3 to 4: quality, ii) Score
1.5 to 2.99: acceptable, iii) Score below 1.5: eliminate. The
quality score formula is as follows:

5 . 5 .
Quality Score = [Z”%AL + (% x 3)] (1)
Ai = General Items for Quality Assessment (A)
Bi = Specific Items for Quality Assessment (B)

We selected 42 articles as primary studies with
bibliographies, quality scores, and citations. The quality
ranking was an internal statistic that helped us choose the
most relevant studies; it did not reflect any comparison or
external assessment. Step 2 - Data extraction. In this step, we
created data extraction forms that accurately recorded the
information collected from primary studies. Data extraction
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forms should be created and piloted once the study protocol is
determined to minimize the risk of bias. Step 3 - Data
synthesis. Data synthesis required compiling and including a
summary of key research findings.

C. Documenting the Review

The final phase of a systematic review entails writing up
based on synthesized data. We answered the RQs based on the
selected studies' retrieved data, reported the results, and
discussed the insights in Section III.

III. RESULTS AND DISCUSSION

This section explains the findings of this study and
answers the RQ stated in Section I. Also, this section
discusses the findings. Also, we discuss the threat to validity.

A. Overview of the Primary Studies

Table III indicates that most articles were about ambiguous
English RS, but less for Malay. As a result, 2,549 articles were
listed for initial studies. The number of articles was reduced
to 36 after primary selection.

TABLE III
PRIMARY STUDY SELECTION RESULT
Initial Primary . Quality

Database studies  selection Snowballing Assessment
ACM 402 8 7 5
IEEE 19 7 12 12
Science

Direct 323 1 2 2
Scopus 261 12 13 13
Springer

Link 1,511 6 8 5
Wiley 31 0 0 0
Google

Scholar 2 2 > >
Total: 2,549 36 47 42

Next, the snowballing task was performed to get the related
articles. The total number of articles after the snowballing task
was 47. The final total of selected articles through the quality
assessment task was 42. The most contributed database was
Scopus. The primary study selection result by phases is
illustrated in Fig. 4.

.. . Primary L Quality
Initial Studies: Selection: Snowballing: Assesment:
2,549 16 47 42

Fig. 4 Primary study selection process result by phases

B. Systematic Mapping on Distribution Studies (RQ1)

Fig. 5 shows a systematic mapping [34] of the distribution
studies according to requirement smells attributes,
contribution category, and research category answering RQ1
in Section 1. We found ambiguity, inconsistency,
incompleteness, and other requirements smell. The ambiguity
associated with the method, process, and solution proposal
was 28 frequencies. There were 26 ambiguities related to
evaluation research. No opinion paper was associated with
any of the defect attributes.
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Fig. 5 Systematic mapping of distribution studies

C. Distribution of Studies According to Typical Approaches
(RQ2)

NLP was commonly employed to determine ambiguous
RS. The NLP consists of word vectors, tokenization, n-gram,
etc. ML, especially the classification algorithm, was the
second most preferred technique. The third common
technique was elicitation. Fig. 6 illustrates study techniques.
Fig. 7 shows trends of ambiguous detection and improvement
for RS using NLP techniques. In 2017, we found tokenization,
semantic similarity, word-to-vector, part-of-speech, parsing
techniques, and the Stanford CoreNLP toolkit popular. ML
classification and rules-based algorithms increased in 2011
but declined in 2012. The same pattern repeated in 2018 but

NLP

Machine Learning
Elicitation

Review

Survey

Rule-based

Deep Learning
Relational graph
Semantic web
Score-based

Manual analysis
Information visualization
Error-based checklist

Technique

changed in 2019. Naive Bayes, Random Forest, and Rules-
based were the most popular techniques. Fig. 8 shows the ML
and rules-based approaches trend.

Fig. 9 illustrates the common conceptual framework for
ambiguity requirement detection and improvement model:
Input, Process, and Output. The RS was an input for the
process. The unambiguous requirement was an output. The
process has two models: ambiguity detection and ambiguity
improvement model. The ambiguity detection model consists
of NLP and ML/ Rule-based; meanwhile, the ambiguity
improvement model disambiguates ambiguity terms and
generates unambiguous RS candidates. Some toolkits and
techniques did not support Malay, but some supported, such
as Generative Pre-Trained (GPT) (DL) and BabelNet.

10 15 20 25

Fig. 6 Distribution of studies according to techniques

10
5
0 = m
2010 2011 2012 2013 2014 2015
B Heuristic M Parsing Patte

m Stanford CoreNLP  m Tokenization

Fig.7 Trends in NLP

m Word to vector

| —
2016 2017 2018 2019 2020 2021 2022
rn-based Part of speech m Semantic similarity
m WordNet thesaurus

techniques from 2010 to 2022
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Fig. 8 Trends in ML and rules-based techniques from 2010 to 2022

PROCESS

INPUT

Requirements

Processing

Stanford
CoreNLP/
Gensim library

These tools support English
but not Malay ¢

Ambiguity detection model

Natural Language

Ambiguity
Requirements

Unambiguity
Requirements

OUTPUT

Unambiguous
Candidates

Requirements

. GPT - Transformer This tool supports and has BabelNet
This model supports Malay (Deep Learning) the Malay terms

Ambiguity improvement model

Generate Unambiguous

Disambiguate

ambiguity terms

Fig. 9 Common conceptual framework based on past research

D. Research Trends and Future Directions

1) Current techniques and expected future path: Several
techniques for detecting ambiguity in RS were discovered.
NLP is the most common method for determining ambiguous
RS. NLP techniques can be applied to Malay RS, i.e.,
tokenization, word-to-vector, and part-of-speech. There are
NLP toolkits for English and other primary languages. Aside
from that, DL techniques started being employed in NLP tasks
in 2019. We believe DL will improve the ambiguous RS and
support other languages, including Malay. After NLP, ML
and Rules-based techniques are widely used. Previously,
Naive Bayes and Random Forest were the most popular
classification algorithms. These techniques are based on the
suitability and features of the collected data. From 2011 to
2017, these methods were employed but with less frequency.
Also, in 2018, these methods inclined. From 2012 to 2017, we
assumed these techniques were used little. However, ML and
rule-based systems will take time to evolve in this field.

2) The need for a comprehensive ambiguity improvement
model: We discovered some unresolved research issues that
could lead to new research directions. We found that most
previous studies focus on ambiguity detection. However, less
research has been done on improving RS. We hope the DL
technique will mature for the ambiguity improvement model
through NL generation.

2299

E. Application Domains Affect Model Performance

Ferrari et al. [35] identified and ranked ambiguous terms
across five (5) domains. The word2vec algorithm uses
domain-specific documents to learn word embeddings from
the corpus. The method works well with a few domains but
not well with many. According to Ferrari et al. [36], NLP and
rule-based smell detection are applied to railway industry
requirements. The authors' approach is unsuited to other RS
domains. However, the author's model specificity domains
could be fine-tuned to improve performance.

F. The Growing Domains-Based RS

Most previous research focused on the RS's generic
linguistic context. Several articles focused on industry
domains like railway, medical, and engineering. These
requirements are domain-based and are slowly growing.
Research on cross-domain ambiguous terms has focused on
possible words found in more than one domain with multiple
meanings. However, if the model covered multiple domains,
the model's performance decreased.

G. Language Models are Complex but Good in-NL
Generation

GPT is a pre-trained language model based on DL. GPT-2
and GPT-3 can learn a word sequence's likelihood and predict
the next word. These models were trained on 19 billion
WebText2 tokens [37][38]. GPT-3 optimizes complex



language models to improve task-agnostic performance and
could enhance ambiguous RS.

H. Threats to Validity

This review categorizes and compares research on
ambiguous RS detection and improvement. While systematic
reviews [28] are often credible, some drawbacks exist. While
this method reduces bias, it increases search time. A review
protocol was created to define relevant articles and ensure fair
selection. Data extraction and selection may have consistency
issues. Each systematic review study is evaluated for quality:

1) Internal validity: Fig. 1 describes the systematic
review search strategy [28]. A few articles for Malay
requirements were in the primary search results from credible
databases. Due to the broad knowledge, an additional search
was chosen to employ Google Scholar to find articles related
to the ambiguous Malay RS.

2) Construct validity: Fig. 3 shows the snowballing task
collected 47 articles. The construct validity threatens the
articles' quality. The number of citations did not represent the
quality of the article. To minimize risk, we employed
qualitative assessment [29].

IV. CONCLUSION

This study reviewed prior work on ambiguous Malay RS
detection and improvement. NLP and ML/ Rule-based
techniques are commonly employed to identify ambiguous
smells in RS. An ambiguity detection model and an ambiguity
improvement model were presented. Most tools support
English and other major languages. However, some tools
support Malay RS. Most validated tools are not for industry-
wide use. This implies a gap between research and practice.
Despite the low research on improving ambiguous RS, we
expect the DL and related approaches to mature via the NL
generation strategy. These methods may evolve for future
research.
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