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ABSTRACT Ambiguous user requirements are usually considered problematic in software engineering.
Therefore, many studies have been conducted on its avoidance and detection. However, the detected
ambiguities were resolved manually using interviews, brainstorming, and group discussion sessions among
the elicitors and stakeholders for whom the software was developed. If not addressed efficiently, it gives rise
to the explicit issues of additional time and cost involved and the stakeholders’ availability to clarify them
duringmultiple sessions. However, if appropriately addressed, it can reveal some implicit issues, such as tacit
knowledge, hesitation, and terminological discrepancies. Identifying these implicit issues is not easy, as it
requires expert elicitation skills that usually come with experience. In addition to the increasing demand for
an automated approach to address these implicit issues, the recent COVID 19 pandemics has also amplified
the demand to address the explicit issue of stakeholder availability. This paper proposes an implementable
semi-automated approach to help elicitors address these demands. The proposed approach uses intuitionistic
fuzzy logic to address hesitation and statistical functions to identify discordance and tacit knowledge. It also
uses the heuristic knowledge gained in each iteration to improve itself. We implemented it in an online tool
and conducted controlled experiments to evaluate our approach, and the results were compared. We achieved
precision, recall, and F1 score of 0.769, 1, and 0.869, respectively, during our experiments. The results show
that the proposed approach may minimize the explicit issues and help novice elicitors address the implicit
issues discussed earlier.

INDEX TERMS Fuzzy logic, requirements engineering, requirement ambiguity, software engineering.

I. INTRODUCTION
Requirement elicitation (RE) is one of the most critical tasks
in requirement engineering. It involvesmany activities; one of
the essential activities of RE is the refinement of user require-
ments to prepare SRS, which acts as an artifact to build soft-
ware as desired. If user requirements are ambiguous, it may
lead to project failure [1]. Therefore, resolving ambiguous
data in requirement documents is considered one of the
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most critical tasks for the elicitor during the refining phase
of requirement elicitation activities. Many researchers have
proposed tools and approaches to avoid ambiguities. How-
ever, these approaches cannot prevent all types of ambiguity.
Hence, ambiguity-detection techniques are used to detect
and resolve ambiguities. Many semi-automated or automated
approaches have been proposed for detecting ambiguities.
However, they still need to be resolved manually using
techniques such as interviews, brainstorming, and group
discussions [2]. It is still performed manually because it
involves expert elicitation skills to identify the reasons for
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the ambiguities. If these problems are not appropriately
addressed, it may lead to undetected and unresolved ambigu-
ities in the SRS that may be discovered in the later stages,
which may prove costly or result in project failure. Tradi-
tional approaches to requirement elicitation are not feasible in
COVID-19 circumstances due to restrictions; the companies
promote work from home culture. The proposed approach
rescues this situation, as it does not require physical inter-
action between people involved in the elicitation process.

Bano et al., in 2021, emphasize the importance of the
non-functional requirement category due to the unexpected
demand for technical aid in contact tracing during the
COVID-19 pandemic [3]. Furthermore, other researchers like
Geogey, in 2021, highlighted that due to the COVID-19 pan-
demic, to make a strong requirement engineering foundation,
there is an immense need to build new methods and practices
that are both standards for engineering curricula and readily
transferable to industry [4].

The reason for poor requirement elicitation is addressed by
[5], [6], who reported nine factors that influence requirement
elicitation activities. These factors are grouped under the
following three categories of elicitation issues:
The problem of scope occurs when the requirements con-

vey too little information to comprehend or too much infor-
mation to handle appropriately.
The problem of volatility is the level of alterations that the

requirements must undergo during the project development
life cycle.
The problem of understanding caters to the level of

requirements understanding that is correctly absorbed during
the elicitation process.

While the problems of volatility and scope are vital, most
of the challenges encountered by the elicitor are related to the
problem of understanding [2], [5]. This describes the extent
of the following reasons for ambiguity:

1) The stakeholders are uncertain about their needs.
2) Some tacit knowledge might be essential to describe

but omitted by stakeholders, as they consider them
apparent.

3) Terminological discrepancies or discordances showed
by the stakeholders among themselves.

Several researchers argue that ambiguities help elicitors
better understand the requirements by identifying the rea-
sons for their occurrence [7]–[9]. There is still no imple-
mentable approach to automatically or semi-automatically
identify these reasons because it needs tomimic the following
soft skills that usually come with experience:

1) Observational skills to identify the presence of tacit
knowledge and discordance among stakeholders.

2) Cognitive skills to address uncertainty in stakeholders.
3) Deduction skills to accurately predict the sense of

ambiguous data.

This research intends to uncover the significant sources of
ambiguity, namely discordance and tacit knowledge, while
catering to hesitation. Fuzzy logic itself is not sufficient to

cater to hesitation. Advanced fuzzy logic, such as neutro-
sophic fuzzy logic (NFL) and intuitionistic fuzzy logic (IFL),
are used to rescue this situation. This research proposes a
semi-automated approach that uses advanced fuzzy logic to
identify discordances and tacit knowledge while catering for
hesitations and resolving detected ambiguities in the user
requirements document. The approach is evaluated using
experiments conducted online among the subjects from three
universities, namely, Universiti Teknologi Malaysia (UTM)
Malaysia, Aligarh Muslim University (AMU) India, and
Jazan University (JU), Saudi Arabia.

The remainder of this paper proceeds as follows.
Section 2 provides the problem background and discusses
the factors that lead to ambiguity. The latter part of the
same section discusses the related research carried out
by other researchers in resolving ambiguities, identify-
ing these factors, and decision-making under uncertainty.
In Section 3, the research questions and objectives are pre-
sented. Section 4 deals with the preliminaries that are impor-
tant to know before understanding the proposed approach
discussed in Section 5, followed by an illustrative example.
The experimental details, along with the results and findings,
are presented in Section 6. A discussion of the results, advan-
tages, limitations of the approach, and future scope of studies
are presented in Section 7. Finally, section 8 concludes the
study.

II. BACKGROUND AND RELATED WORK
A. PROBLEM BACKGROUND
1) AMBIGUITY
This means the quality of being open to more than one
interpretation. In some scenarios, it is desirable as it can open
new possibilities that can be optimized to enhance acceptabil-
ity, such as fuzzy clustering in complex networks [10], [11]
and fuzzy region segmentation in image processing [12].
Moreover, an experienced elicitor can address it effectively to
identify tacit knowledge and discordance in human interpre-
tations [7]–[9]. However, in the requirement elicitation pro-
cess, in contrast to its benefits, the problems it can cause are
paramount. In the context of software engineering, the Ambi-
guity Handbook [13] classifies ambiguity into several types:
lexical, syntactic, semantic, pragmatic, vagueness, and lan-
guage errors. There are numerous reasons for the occur-
rence of ambiguity. Many researchers have described these
in different ways. For example, Patel and Priya (2014) pro-
vide a more detailed classification, describing it as missing
information, communication errors, different interpretations,
incorrect suppositions, and changing requirements [14].

In 2016, Kumari and Anitha identified uncertainty, stake-
holders’ scope, and understanding of the common source
for all three types of problems, namely, scope, volatility,
and understanding [5]. Furthermore, studies such as [1],
[2], [5], [6], [9], [15]–[23] pinpoint the importance of han-
dling tacit knowledge, discordance, and hesitations among
stakeholders as the reason for the occurrence of ambiguities
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that require special attention from expert elicitors to identify
and resolve them. The reasons for the occurrence of ambigu-
ities are discussed below.

2) TACIT KNOWLEDGE
The word tacit means implicit or unspoken; tacit knowledge
refers to the requirements that the stakeholder implies as
being visible and does not communicate explicitly. Typically,
requirement elicitation starts with an interview between the
analyst and the customer or stakeholders. Since the interviews
are conducted in natural language, ambiguities may occur due
to tacit knowledge that is not communicated. The dialog dis-
course may reveal the presence of tacit knowledge that needs
to be made explicit. Hence, it is crucial to provide analysts
with cognitive tools to identify and alleviate ambiguities [15].
The requirement elicitor has to put extra effort into pushing
the customer to the limit of their tacit knowledge [21]. This
statement may seem entirely unambiguous. However, as soon
as tacit knowledge comes into consideration, the statement
becomes unacceptable. For example, consider the following
statement; ‘‘The train moving at the speed of 100 km/h must
stop within 5 meters if the full brake is applied.’’ This state-
ment seems unambiguous, but it cannot be accepted as tacit
knowledge about the train’s movement at 100 km/h indicates
that it is impossible to stop the train safely within 5 m.
In this situation, the statement is interpreted correctly by
the Elicitor, and the meaning of the statement matches the
meaning of the stakeholder, but it cannot be accepted. This is
known as acceptance unclarity [15]. In the confusion matrix
terminology, we can say that the precision is acceptable, yet
the accuracy is unacceptable.

3) TERMINOLOGICAL DISCREPANCIES AND DISCORDANCE
AMONG STAKEHOLDERS
The stakeholders involved in a project may be from different
backgrounds, knowledge, regions, or departments; they may
have a different understanding of the language. This leads
to a prevalent problem of terminological discrepancies [15],
[19], [21]. This happens when different users interpret the
same word differently based on their understanding and inter-
est. In some other cases, stakeholders may have a conflict
of opinion regarding the correct interpretation of the word,
leading to discordance among them. Conflict of opinion may
be for personal or professional reasons. It becomes essential
for the elicitor to identify the presence of discordance [24].
If it is not appropriately identified, it may create unnecessary
confusion and may finally lead to the project’s failure. Hence,
the experienced elicitor identifies discordances and requires
all stakeholders to agree to a particular point. To do so, he
may conduct several rounds of interviews and brainstorming
sessions.

4) HESITATIONS OR UNCERTAINTY
Uncertainty is another crucial reason for the presence of
ambiguous requirements. It is reported as one of the promi-
nent contributing factors in two out of three problems

categorized in the previous section, that is, the problem of
scope and problem of understanding [5]. In 2014, Sethia
and Pillai identified the following characteristics of uncer-
tainty [6]:

1) Stakeholders are not entirely sure of what they need.
2) Stakeholders have little understanding of the capabili-

ties and limitations of their computing environment.
3) Stakeholders have little understanding of the problem

domain.
4) Requirements fluctuate during the entire project.
All thesewill lead to project failure if not handled carefully.

If the severity of the project is very high, then uncertainty or
hesitation must be very low. Identifying the severity of the
project and the allowance of uncertainty among stakeholders
are critical for the elicitor. Hence, an expert elicitor is required
to handle these uncertainties among stakeholders.

Another critical reason for ambiguities, as mentioned by
several researchers, is the lack of context knowledge that
leads to hesitation or terminological discrepancies among the
stakeholders and Elicitor [2], [15], [19], [21], [25]. However,
context knowledge tools such asWordNet help elicitors make
mature decisions to some extent.

In addition to these reasons for ambiguities, some explicit
factors need to be addressed while resolving the detected
ambiguities. One significant factor that needs to be addressed
is the lack of availability of stakeholders. To resolve detected
ambiguities, the elicitor conducts interviews and group dis-
cussions with stakeholders. It requires them to be available
to give their remarks and clarifications during these sessions.
Although there are tools available to conductmeetings online,
which eliminates the necessity of physical presence, it still
requires them to be available at a given time for group dis-
cussions or interviews.

B. RELATED WORK
Various studies have been proposed to handle ambiguities
in requirement elicitations; some identify ambiguities once
they occur, while others tend to avoid ambiguities from
occurring. However, some studies related to our work to
automate the elicitation process, identify the reasons for the
occurrences of ambiguities, or propose rule-based or corpus-
based solutions to help elicitors in better decision-making are
discussed below. Some of these approaches involve manual
others involving different levels of automation using NLP or
fuzzy logic.

Bano et al. [21] have presented a list of common mistakes
that novice elicitors make in requirement elicitation inter-
views to enhance their soft skills to identify tacit knowledge.
Their study identified 34 unique mistakes and classified them
into 7 high-level themes on which the elicitors could be
trained.

Spoletini et al. [19] proposed identifying tacit knowledge
by audio recording the interviews that shall be inspected by
the analyst who conducted the interview and the reviewer.
The motive was to create questions for follow-up interviews
to handle probable tacit knowledge.
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Elrakaiby et al. [15] proposed an approach based on
argumentation theory to detect tacit knowledge missed dur-
ing verbal communications, such as interviews. They use
argumentation and consider attacks on argumentation as
ambiguous.

Dalpiaz et al. [20] use a blend of NLP (conceptual model
extraction and semantic similarity) along with information
visualization techniques to identify terminological discrep-
ancies. During their quasi-experiment, they found a sig-
nificant increase in recall but a non-significant increase in
precision compared to manual inspection. In another study,
Dalpiaz et al. [26] discussed a tool based on two NLP tech-
niques to identify terminological ambiguities.

Ferrari et al. [24] present an NLP-based approach to iden-
tify and cater to terminological discrepancies by building
domain-specific language models, one for each stakeholder’s
domain. Words from each language model are compared
to measure the differences in the use of a word, thereby
estimating its potential ambiguity across other domains of
interest. It can be helpful to prepare lists of dangerous terms
to consider during requirements elicitation meetings, such as
workshops or focus groups, that involve stakeholders from
different domains.

Ezzini et al. [27] have proposed an NLP-based auto-
mated approach that generates a domain-specific corpus
from Wikipedia, which can help improve the accuracy
of ambiguity detection and interpretation. This approach
addresses coordination ambiguity (CA) and prepositional-
phrase attachment ambiguity (PPA). Further, they have also
developed an automated tool called MAANA to handle these
ambiguities using domain-specific corpora and heuristics-
based inspections [28].

In 2011, Alfawareh used context knowledge and fuzzy
logic to resolve ambiguities by randomly assigning fuzzy
membership values to a word based on the context in which
the sentence is written [29]. The context was considered
by classifying the subject associated with the sentence.
Although during the experiment, they achieved a precession
of 0.857 and a recall of 0.803, it was limited to resolving
only lexical ambiguities; furthermore, it does not cater to the
reasons for the occurrence of ambiguity.

Gulzar et al. [30] presented a framework using fuzzy
logic to map usability requirements attributes with linguistic
assessment from users. This framework automates the identi-
fication and resolution of usability requirements conflicts and
helps requirement analysts to make better decisions.

Ahmad et al. [31] proposed an implementable approach
based on fuzzy logic and context knowledge to resolve
detected ambiguities. This approach uses the consents of the
stakeholders in the form of fuzzy values iteratively to resolve
detected ambiguities. This approach addresses the explicit
issue of the availability of stakeholders and the time and
cost involved in resolving the detected ambiguities manually.
It can also be tweaked to handle discordance. However, this
approach cannot identify the source of discordance, such as
tacit knowledge or hesitation, as it cannot be addressed by

fuzzy logic alone. It requires advanced fuzzy logic such as
intuitionistic or neutrosophic fuzzy logic to handle human
hesitation, as shown in a study by Ahmad et al. [32] in which
they proposed an approach that is based on intuitionistic fuzzy
sets (IFSs) to considerably reduce the domain of ambiguous
data while catering to the hesitation ordinarily present in
human behavior.

Shen et al.[33] proposed an outranking sorting method
using the IFS for group decisions. It is further extended to
develop a method for group consensus using an adaptive
search and adjustment approach [28].

Ji et al. [34] focus on group decision-making under uncer-
tainty in a situation such as a talent search competition. They
used a new approach by combining hesitancy and fuzziness to
construct intuitionistic fuzzy entropy. Their approach avoids
invalid data and results from deviations. Moreover, compared
to the traditional method, their approach improves accuracy
and time consumption.

In 2019,Metzger Spengler [35] proposed a model based on
intuitionistic fuzzy logic for the formulation and solving of
decision problems where the decision-maker has insufficient
information due to ambiguous utility values.

To date, no automated or semi-automated research has
been found that caters to hesitation and tacit knowledge
together in requirement elicitation while addressing the
explicit issues mentioned earlier. In addition, many manual
and automated approaches have been used to populate a
corpus that can be compared for better decisionmaking. Since
IFL can handle human hesitation, it would be interesting to
study its use in identifying the reasons for the occurrence
of ambiguity while using IFV to populate the corpus and
compare its effectiveness.

III. RESEARCH QUESTIONS
This research proposes an implementable, semi-automated
approach to help the Elicitor address the explicit and implicit
issues while resolving detected ambiguities and using the
heuristic gained during this activity to improve itself. It can be
leveraged to improve the Elicitor’s accuracy of decision mak-
ing in the future and reduce the time and requirement for the
availability of the stakeholders for interview and group dis-
cussion sessions to provide clarification. Therefore, keeping
this in consideration, we mention the following four research
questions (RQs) along with their corresponding objectives:
RQ1: How can the explicit requirements of time, cost,

and stakeholder’s availability to provide clarifications upon
detected ambiguities be reduced?

If we can reduce the domain of ambiguous requirements
that need to be resolved manually, we can reduce the total
time involved in the process, which reduces the total cost
involved in this activity. Second, if the approach can be imple-
mented in a network-based environment that can be accessed
remotely, it reduces the requirement for the availability of
the stakeholders for meetings or interviews with elicitors to
clarify the detected ambiguities. Therefore, the objective of
addressing RQ1 is summarized as follows:
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Objective 1: To propose an automated/semi-automated
approach that can be implemented online and reduce the total
domain of ambiguous requirements that must be resolved
explicitly through interviews or discussions among stake-
holders and elicitors.
RQ2: How can the implicit issue of identifying the reasons

for discordance that leads to imprecision among stakeholders
and elicitors be addressed?

As discussed in the previous section, discordances among
the stakeholders and elicitor can be identified using fuzzy
logic. However, fuzzy logic alone cannot address hesitation,
which is part of human understanding. Therefore, if we can
cater to discordance along with hesitation by using advanced
fuzzy logic, we can classify the cause of discordance as either
due to hesitation or tacit knowledge. Therefore, the objective
of addressing RQ2 is summarized as follows:
Objective 2: To formulate a technique based on advanced

fuzzy logic to address implicit issues such as tacit knowledge,
discordance, and hesitation, leading to ambiguity.
RQ3: How can the factors identified during RQ2 be used

to improve the facticity among stakeholders and elicitors in
addition to resolving ambiguities?

If the identified sources for the occurrence of discordance
among the stakeholders and between the stakeholders and the
elicitor are adequately addressed, it can further improve the
precision of their understanding. It may resolve ambiguities
further, either through the previously mentioned automated
approach, manual process, or both. Therefore, the objective
of addressing RQ3 is summarized as follows:
Objective 3: To improve the facticity among stakeholders

and elicitors to resolve ambiguities further.
RQ4: How can the knowledge gained during RQ1 and

RQ2 be used to improve the correctness of the elicitors to
suggest more accurate suggestions for detected ambiguities
in the future?

While resolving the ambiguities, the elicitors gain much
experience that helps them make mature decisions. If we
can devise a mechanism to store and retrieve the heuristic
knowledge gained during this activity, we would ease even
a novice elicitor to make better decisions while suggesting
solutions to resolve detected ambiguities. If this suggestion
is accurate, it may have a better chance of acceptance among
the stakeholders, reducing the number of iterative interac-
tions required among the stakeholders and Elicitor. It may
reduce the total time involved and improve the accuracy of
understanding among stakeholders and elicitors. Therefore,
the objective of addressing RQ4 is summarized as follows:

Objective 4: To formulate a heuristic technique for induc-
ing self-improvement to ease the elicitor from the cognitive
load of making decisions.

IV. PRELIMINARIES
A. FUZZY SETS
Zadeh proposed fuzzy sets in 1965 as an extension of
the classical set with a difference in its membership
range [36]. The classical set only considers crisp values like

0 or 1, or agree or disagree. In contrast, the fuzzy set uses a
range of values for agreement and disagreement, where the
value of the agreement is called the degree of membership
value (µ) and the value of disagreement is called the degree
of non-membership value (ν), whereµ and ν are complemen-
tary to each other.

µ (x)+ ν (x) = 1 (1)

However, in real-life situationswhere humans are involved,
they may possess some degree of hesitation; in such
cases, advanced fuzzy sets such as intuitionistic fuzzy (IF)
sets or neutrosophic fuzzy (NF) sets are considered.

B. INTUITIONISTIC FUZZY SETS
Atanassov and Stoeva introduced intuitionistic fuzzy sets
in 1983 [37]. Unlike fuzzy sets, where the sum ofmembership
and non-membership values is 1, the IF sets introduce one
more variable, that is, hesitation (π) into the equation as the
sum of µ, ν and π must be equal to 1.

µ (x)+ ν (x)+ π (x) = 1 (2)

However, the IF sets components, that is, µ, ν, π, are
tightly bonded and interdependent. This situation is not
always easy to explain and implement, especially in cases
with limited human interaction.

C. NEUTROSOPHIC FUZZY SETS
Smarandache [38] introduced Neutrosophy as a new branch
of philosophy. In NF sets, the neutrosophic components can
be independent of each other. Hence, their sum is not neces-
sarily 1. NFS components are defined as T, F, and I, where T
is Truth, F is False, and I is Indeterminacy. In single-valued
neutrosophic sets, the sum of T, F, and I is different in the
different scenarios shown below [39].

0 ≤ T+ I+ F ≤ 3 (3)

When all the three components are independent,

0 ≤ T+ I+ F ≤ 2 (4)

When one component is independent, and two components
are dependents,

0 ≤ T+ I+ F ≤ 1 (5)

When all the three components are dependent,
Atanassov and Vassilev [40] showed that NFS and IFS are

equivalent, and the NFS can be represented by IFS values.
If the values of T, I, and F are as mentioned below,

T (x)+ I (x)+ F (x) 6= 0 (6)

then,

µ (x) =
T (x)

T (x)+ I (x)+ F (x)
(7)

ν (x) =
F (x)

T (x)+ I (x)+ F (x)
(8)

VOLUME 9, 2021 114551



Y. Ahmad et al.: Intuitionistic Fuzzy Based Approach to Resolve Detected Ambiguities

π (x) =
I (x)

T (x)+ I (x)+ F (x)
(9)

Otherwise, if the values of T, I, F is,

T (x)+ I (x)+ F (x) = 0 (10)

then we define,

µ (x) = ν (x) = 0 and π (x) = 1 (11)

Huang and Li reviewed several methods proposed by
Wang et al. to determine the hesitation in IFS [41]. These
methods include the average method where π is equally
divided, and each part is added to µ and ν, the proportion
method that uses following the heard approach where the
value of π is divided intoµ and ν based on their proportion in
the IFS and the difference adjustment methods the value of H
attributed to µ is µ plus one half of the π . He also proposed a
hybrid method, which is complex but more reliable when the
value of π is high. For experimental purposes, an improved
approach proposed by Huang and Li was adopted to deter-
mine the hesitation.

α =
1
2
+
µ− ν

2
+
µ− ν

2
× π (12)

However, based on the project’s complexity, the Elicitor
can choose any of the approaches to determine hesitation.
Hereafter, the membership value (µ) is denoted as mv, the
non-membership value (ν) is denoted as nmv, and hesitation
(π ) is denoted as h.

V. PROPOSED APPROACH
The proposed approach is divided into three stages based
on the objectives deduced from each of the research ques-
tions. This is motivated by earlier studies that use the fuzzy
approach to resolve ambiguous requirements [31], intuition-
istic fuzzy approaches to address human hesitation to reduce
the domain of data [32], and various studies that populate
the corpus to improve the accuracy of ambiguity
detection [27], [29].

A. STAGE 1: AMBIGUITY SOURCE DETECTION AND
RESOLUTION

1) The elicitor receives corpus A of detected ambigu-
ities (a1, a2, . . .. belongs to set A) along with its
type (t1, t2, . . . belongs to set type) and the context
(c1, c2, . . . belongs to set C).

2) For each a in A, the Elicitor suggests a solution s, such
that s1 corresponds to a1 and so on. The suggestions
are based on Elicitor’s understanding while consider-
ing the context, ambiguity type, and available context
knowledge tools. Suggestions are collected in set S.

3) The values of a, c, t, and s for each ambiguity in Set A
are sent to every stakeholder for review. They provide
the following information in the form of a Likert scale
of 0 to 10, where 0 indicates ‘‘not at all’’ and 10 indi-
cates ‘‘Completely’’. The level of agreement (mv), dis-
agreement (nmv), and hesitation (h) are collected such

that mv1, h1, nmv1 correspond to a1, and so on. In IFS,
these values range from 0 to 1, so these values are
converted accordingly.

4) If the stakeholders disagree more than agree, they pro-
vide an alternate suggestion (x) that they think is better
than the value suggested by the Elicitor. The values of
mv1, mv2, . . . belongs to set mv, h1, h2, . . . belongs to
set h, nmv1, nmv2, . . . belongs to set nmv and x1, x2, . . .
belongs to set x.

5) The average ofmv, nmv, h, is calculated as amv, anmv,
and ah, and the ranges of mv and h are also calculated
as rmv and rh.

6) Next, for the average IFV obtained, hesitation was
determined using any of the available methods depend-
ing on the severity of the project. The newly deter-
mined mv and nmv were calculated as dmv and dnmv,
respectively.

Based on these calculations, RQ2 is addressed by identify-
ing the following factors for the problem of understanding:

1) PRESENCE OF TACIT KNOWLEDGE
For each s in S, if the value of the dmv is in-significant, along
with the nominal values of rmv, rh, and ah; indicates that
the stakeholders have widely rejected the suggestion by the
Elicitor. It shows discordance between the understanding of
the Elicitor and the stakeholders due to the tacit knowledge
that is not communicated to the elicitor. In this scenario,
the stakeholders provide alternate suggestion x based on their
understanding, and the approach is proceeded to stage 2.

2) DISCORDANCE OR TERMINOLOGICAL DISCREPANCIES
AMONG THE STAKEHOLDERS
The higher value of rmv indicates that all the stakeholders
were not at the same perception; this shows the presence
of terminological discrepancies. For example, suppose that
among five stakeholders, three assigns mv as 9, but two
assign it as 2. It is clear that out of the five stakeholders,
two almost disagree with the suggestion. This shows the
presence of discordance among the stakeholders. This may
be due to either hesitation or tacit knowledge, as discussed
below.

3) DISCORDANCE DUE TO HESITATION
If the value of ah among the stakeholders is significant,
it shows that the discordance is due to the poor understanding
of the stakeholders regarding that particular ambiguity.

4) DISCORDANCE DUE TO TACIT KNOWLEDGE
If the value of ah and rh provided by the stakeholder is not
significant, it means that they are pretty sure of their answer,
and since they show discordance among themselves, it must
be due to the presence of tacit knowledge, which is not shared
among the stakeholders.

These results categorize the suggestions provided by the
Elicitor. In the first case, it is considered rejected, the rejected
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FIGURE 1. Illustration of stage 1 of the proposed approach.

cases are moved from ambiguous corpus to rejected cor-
pus, and the approach proceeds to stage 2. The second,
third, or fourth case is considered a review; all the review
cases are moved to a review corpus that needs to be resolved
manually. However, if the suggested solutions for which the
average of the stakeholder’s consent amv is significant and
all of the other parameters, i.e., the average hesitation ah,
the range of hesitation rh and the range of stakeholder’s
consent rmv are insignificant indicates that the stakeholders
have widely accepted the Elicitor’s suggested solution s for
that particular ambiguity without hesitation and discordance.
All the accepted cases are moved from the ambiguous corpus
to the resolved corpus along with its IFVs calculated from
the stakeholder’s response. After this stage, the ambiguous
corpus containing the ambiguities that need further discus-
sion among elicitors and stakeholders is reduced to the review
corpus as the accepted solutions are removed from the orig-
inal ambiguous corpus. Finally, the accepted cases proceed
to stage 3, and the rejected cases proceed to stage 2. Hence,
the objective of RQ1 is achieved. Stage 1 of the proposed
approach is shown in Fig. 1.

B. STAGE 2: IMPROVE PRECISION
The focus of stage 2 is to reduce the elements of the rejected
corpus and move them to either resolved corpus or review
corpus. For the rejected corpus that contains cases where
the stakeholders disagree with the Elicitor’s suggested
solution s, the most widely suggested alternative solution,
x by the stakeholders for the corresponding ambiguity,
replaces the Elicitor’s suggestion s. Finally, the process is
reiterated as in stage 1, and the review, rejected, and resolved
corpus are populated again.

In an ideal situation, where there is no discordance among
the stakeholders, they collectively accept the alternative sug-
gestion x, so the corresponding element of the rejected corpus
is moved to the resolved corpus and proceeds to stage 3 of
the approach. Thus, it improves the precision of accepted
cases, that is, mutual consent among the stakeholders and the
elicitor. However, it is also possible that in the consecutive
iteration, the stakeholders collectively do not agree with the

alternative suggestion x, which shows discordance among
stakeholders. As a result, it indicates that the precision cannot
be further improved. In this case, the Elicitor can stop the
iterative process and move these elements of rejected corpus
to the review corpus.

Finally, only the available cases of the review corpus are
considered to be discussed manually from the total detected
ambiguities. Hence, after stage 2 of the approach, the total
number of cases that need to be discussed manually is
reduced. Furthermore, the Elicitor can also identify some
additional information regarding each case of the review cor-
pus It includes the following: First, identify hesitation or tacit
knowledge as the source of discordance collectively for all
stakeholders. Second, the individual responses of the stake-
holders can be observed to identify those stakeholders who
are mainly responsible for discordance. Finally, the source
of discordance for each stakeholder is also identified. The
elicitor can use this information during the manual resolution
of the ambiguities. Thus, the objective of RQ3 is addressed.

C. STAGE 3: ELICITOR CAPABILITY ENHANCEMENT
After the first and second stages of the approach, the resolved
corpus gradually matures with the accepted solutions. It con-
tains ambiguous statements, context, accepted solutions, and
corresponding IFVs that indicate mv, nmv, and h for all the
statements in a particular context.

For future reference, while suggesting solutions for
ambiguous statements, the Elicitor refers to the ambiguity in
the resolved corpus and the context and associated IFVs.

There could be four possibilities.

1) Ambiguity and context were present in the resolved
corpus. In this case, the Elicitor suggests the accepted
solution used in earlier studies and updates the IFV as
an average of the earlier study and the current study.

2) The ambiguity is detected in the corpus, but the context
does not match.

3) The ambiguity does not match, but the context is
present in the corpus.

4) Neither the ambiguity nor the context matches in the
corpus.
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FIGURE 2. Illustration of stage 2 of the proposed approach.

Stage 3 of the approach is ineffective when there is no
match. In the case of a perfect match, the heuristic knowledge
gained from earlier resolved cases acts as a benchmark to
refer to by the elicitor. This may help even novice elici-
tors make better decisions while suggesting more accurate
solutions to stakeholders based on earlier studies. Hence,
the overall accuracy of resolving ambiguity may improve.
Although it is out of the scope of this paper, if there is a partial
match, it may provide some idea about the stakeholders’
perception of the ambiguity or its context. Stage 2 of the
proposed approach is shown in Fig. 2.

D. ILLUSTRATIVE EXAMPLE
In this section, we illustrate our approach using an example
containing four ambiguous statements. We present differ-
ent criteria in which the statements are accepted, rejected,
and reviewed. In Fig 3., ambiguous statements a1, a2, a3,
and a4 are presented along with the multiple interpretations
that make them ambiguous. For each ambiguous statement,
an interpretation is considered as Elicitor’s suggestion (s).
Then, it is sent to stakeholders to express their views in terms
of membership, non-membership, and hesitation. Based on
the individual IFV given by the stakeholders, the average
membership value (amv), average non-membership value
(anmv), average hesitation (ah), range of membership value
(rmv), and range of hesitation (rh) were calculated. Also,
if the stakeholders collectively agree with s, it is considered
as the mode value; otherwise, the most suggested alternative
by stakeholders is considered as mode value. The significant
level of discordance for this example is considered to be 0.4 or
more, and the significant level of membership value (mv),
non-membership value (nmv), and hesitation (h) is consid-
ered to be 0.5 or more. Based on these considerations, the
following cases were determined:
Case 1: Considering the statement a1, weekly is a vague

word with multiple interpretations. The value of rmv is sig-
nificant that indicates discordance; further, the value of ah is
also significant, which indicates that the discordance is due to
hesitation. Hence, the statement is added to the review corpus
Case 2: Consider statement a2; it is ambiguous because

the type of report’ the software is expected to be generated
is unclear. Here rmv is significant, indicating discordance but
h and rh are not significant. This indicates that discordance

is not due to hesitation but tacit knowledge. Hence, the state-
ment is also added to the review corpus.
Case 3: Consider statement a3; here, it is unclear whether

the word new refers to the guideline or customer. Here,
the value of nmv is significant, but the values of rmv, h,
and ah are insignificant. This indicates that the stakeholders
collectively disagree with the suggestions provided. Hence,
the statement, along with its mode value, is stored in the
rejected corpus.
Case 4: Consider statement a4, here older is the vague

value that can have multiple interpretations. The value of mv
is significant, but the values of rmv, h, and ah are insignifi-
cant. This indicates that stakeholders collectively agree with
Elicitor’s suggestion. Hence, the statement is stored in the
resolved corpus with ambiguous text, context, and IF values.

In the review case, the review corpus statements can
be resolved using traditional approaches such as inter-
views or group discussions. Since it also contains the reason
for the review, it helps the Elicitor address the problem better.
In the rejected case, the Elicitor’s suggestion is replaced
by the mode value in the rejected corpus and the process
reiterates. Finally, the accepted statements of the resolved
corpus are stored for future reference.

VI. EXPERIMENTATION AND RESULTS
The method to evaluate the proposed research was
adopted from the studies of Sabriye and Zainon [42] and
Ferrari et al. [22]. However, we used different levels of
effort and rigor throughout the experimental study. For the
experiment, we implemented the proposed approach online
using PHP and MySQL. The experiment was conducted in
two phases. Initially, in phase 1, a pilot scenario was created,
and an exploratory study was conducted to identify the
limitations of the experimental setup and the tweets that need
to be adjusted to proceed toward the controlled experiment
effectively. Once the modification is implemented, a con-
trolled experiment is carried out among the subjects, hereafter
referred to as stakeholders, from three different universities,
namely UTM, JU, and AMU. Two corpora, A and B, were
created containing ambiguous statements from five types of
ambiguities: lexical, vague, semantic, syntactic, and prag-
matic. These corpora cover statements in 5 different con-
texts: academics, travel, banking/finance, medicine/health,
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FIGURE 3. Illustration of the proposed approach using an example.

and generic. These statements were not created on our own
but were collected from earlier published studies [22], [29],
[43], [44], and online sources. A detailed description of the
experimental setup is provided in the corresponding sections.

A. PILOT STUDY
An exploratory study was conducted to identify the problems
in the experimental setup, instead of identifying the answers
to our research questions. A group of 8 research scholars
from UTM was considered as the stakeholders to provide
suggestions for 15 ambiguous statements covering 5 types

of ambiguities. The author acts as the Elicitor and provides
suggestions for ambiguity based on his understanding. The
respondents were asked to enter their level of agreement
and hesitation as required in the intuitionistic fuzzy triplet.
We requested them to share their experiences with the exper-
iment. Their feedbackwas beneficial for improving the exper-
imental setup.

1) LEARNING OUTCOMES FROM THE PILOT STUDY
We identified two issues that need to be addressed during
the experiment. First, from the feedback, we found that
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FIGURE 4. Excerpt of the interface for the stakeholders to give their agreement, disagreement, hesitation, and alternate suggestions.

TABLE 1. Results based on the individual cases of experiment A of stage 1 of the approach.

the respondents were not at ease in understanding the IFS
concept because, while filling the membership and hesita-
tion value as in IFS, these values are very tightly bound.
In IFS, the sum of agreement, disagreement, and hesita-
tion should be equal to 1. Although in the feedback, eight
respondents mentioned that they compromised their quality
of responses due to this limitation, five respondents suggested
that agreement and disagreement may complement each
other, but hesitation should be independent. In the second
issue, we found that three of the respondents may be respond-
ing inaccurately, as their responses are seen to be similar and
biased to either side, but we have no measures to validate
this.

2) CORRECTIVE MEASURES
To address the first concern, we adopted the neutrosophic
fuzzy sets (NFS) approach to collect responses from the
respondents. It makes sense as all three components–
agreement, disagreement, and hesitation–are considered
independent. Thus, the respondents can better focus on
describing their level of agreement, disagreement, and hes-
itation without bothering to calculate their sum and adjust the
values accordingly.

To address the second issue, we deliberately induced some
incorrect suggestions. If we find a false positive value in the
responses, we tag them and check all the responses from those
respondents; if we find it biased, we delete all their responses.
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TABLE 2. Results based on the individual cases of experiment B of stage 1 of the approach.

The final calculations were carried out using the cleaned
data. These changes were implemented in the approach, and
the experiment was repeated for stage 2 with 8 ambiguous
statements from the pool of rejected or reviewed suggestions.
The feedback from the respondents suggested that they found
the neutrosophic approach to be much more comfortable in
relation to their understanding. However, we did not find any
cases of bias or false positives.

B. CONTROLLED EXPERIMENT
Each stage of our approach is associated with its respective
research question. Consequently, the experimental setup was
designed to correspond to each stage of our approach.

1) SETUP
A total of 43 subjects from two universities, namely
AMU and JU, were considered for stakeholder roleplay for
stages 1 and 2. They were divided into two groups, A and B,
based on their university affiliations. In groupA, 4 lecturers, 6
research scholars, and 13 postgraduate students were consid-
ered from the AMU, and for group B, 5 assistant professors,
13 lecturers, and 2 teacher assistants were considered from
JU.

In stages 1 and 2, two parallel experiments were conducted
among groups A and B. Experiment A was associated with
ambiguous corpus A and group A, and experiment B was
associated with ambiguous corpus B and group B. As dis-
cussed in the pilot study, the stakeholders were asked to
give their level of agreement, disagreement, and hesitation
with the suggestion provided by the Elicitor. If they tend
to disagree, alternate suggestions should be provided. Fig. 4
shows the excerpt of the online form, where respondents gave

their consent. Once the responses were collected from all
respondents, they were cleaned to avoid any bias.

C. RESULTS OF THE EXPERIMENTS FOR STAGE 1
In the following results, H, T, A, R, amv, anmv, ah, dmv,
dnmv, rh, and rmv represent significant hesitation, signifi-
cant tacit knowledge, accepted, rejected, averagemembership
value, average non-membership value, average hesitation,
determined membership value, determined non-membership
value, range of hesitation, and range of membership value,
respectively. The average IF values for each statement based
on the stakeholders’ responses are shown. Tables 2 and 3
show the distribution of values for each ambiguous statement
asked in Experiments A and B, respectively, in order of the
statement ID. Table 4 shows the combined results achieved in
Experiments A and B, and the same is graphically represented
in Fig. 5 for a better understanding. For the sake of the
experiment, the acceptance criteria that we set are that the
membership value is more significant than 0.5. To make it
into more straightforward linguistic terms, we can say that
if the level of agreement is more than 50%, that is, if the
agreement is more significant than disagreement, we consider
it accepted otherwise as rejected.

Similarly, we maintained the same criteria for both the
output variables, that is, hesitation and tacit knowledge. How-
ever, this can be set differently for each. We compare the
output at two different levels to analyze the results, i.e.,
0.5 and 1.0. linguistically, we can say that we compare the
results at the significance levels of 50% and 100%.

By answering RQ1 and RQ3, we can see that we can
reduce the total ambiguous corpus of 25 statements that need
to be resolved manually by 4% considering the acceptable

VOLUME 9, 2021 114557



Y. Ahmad et al.: Intuitionistic Fuzzy Based Approach to Resolve Detected Ambiguities

TABLE 3. Values of hesitation, tacit knowledge, rejection, and acceptance for experiments A and B based on the different significance level.

TABLE 4. Results of individual cases rejected and re-iterated in stage 2.

FIGURE 5. Illustration of total hesitation, tacit knowledge, rejection, and acceptance for experiment A and B based on the different
significance level.

discordance level of 50%. The same is further increased
up to 88% for an acceptable discordance level of 100% in
experiment A. In experiment B, these figures are 4% and 52%
for the same discordance level. The figures further improved
after stage 2 of our experiments, where the rejected sugges-
tions were accepted and hence considered resolved. In exper-
iment A, the ambiguous corpus was further reduced by 4% to
8% and 88% to 92% for discordance levels of 50% and 100%,
respectively. The same for experiment B was reduced by 4%
to 16% and 52% to 64%, respectively. Thus, our approach can
reduce the total size of the ambiguous corpus that needs to be
addressed manually. Furthermore, it reduces the overall work
that needs to be carried out in this activity, reducing the total
time and cost involved.

Furthermore, the stakeholders can give their consent any
time they want, reducing the need to be explicitly present
for group discussions or interviews. In this regard, our
approach is comparable to the fuzzy approach proposed
by Ahmad et al., which was discussed earlier. However,
the proposed approach also identifies discordances and the
reasons for their occurrence. To answer RQ2, it is evident
from the data that the approach can identify discordance
among stakeholders. Through our approach, we address only
two reasons: hesitation or tacit knowledge. The data show
that after stage 2 of experiment A, the identified cases of

hesitations and tacit knowledge at the discordance level
of 50% are 3 and 20, respectively, and at a discordance level
of 100%, it was 0 and 2. For experiment B, these values
at the same discordance level of 50% were 1 and 20, and
0 and 9 for 100% discordance. The results verify that the
precision of understanding between elicitors and stakeholders
and among stakeholders is less for the strict significance level.
Moreover, there is an inverse relationship between the two
values.

D. RESULTS OF THE EXPERIMENTS FOR STAGE 2
Table 4 shows the individual cases rejected by the stake-
holders and were reiterated with the alternate suggestion in
stage 2 for acceptance. Table 5 shows the overall improve-
ment in the acceptance level from stage 1 to stage 2. In addi-
tion, it shows that the cases that need to be reviewedmanually
are further reduced by 4% in experiment A and 12% in experi-
ment B. Fig. 6 shows the improvement in the acceptance level
after Stage 2 compared to Stage 1 of Experiments A and B.

E. RESULTS OF THE EXPERIMENT FOR STAGE 3
1) SETUP
In stage 3 of our experiment, we studied the effectiveness of
data gathered from the experiments of stage 1 and stage 2.
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TABLE 5. Improvement in the acceptance level after stage 2.

For the experimental setup of stage 3, we considered the
word-based ambiguities of corpora A and B. Therefore, we
created a new corpus C with only lexical and vague ambi-
guities. Further, the Elicitor’s suggestions were replaced by
the accepted values from the resolved corpus. The subjects
for this study were the same subjects that were considered in
the pilot study because they were already familiar with the
task they had to perform in the experiment, which saves our
efforts in explaining the same things to the new respondents,
although statements of corpus C were not discussed with
them earlier.

Table 6 shows the total accepted and rejected cases for
each significance level in stages 1 and 3. Fig. 7 compares
the precision between stages 1 and 3 based on the total
accepted or rejected cases for each significance level. This
does not include cases that need to be reviewed. In stage 1,
the elicitor uses their intellect to suggest a solution for the
detected ambiguities. In stage 3, the elicitor uses the resolved
corpus instead. It is interesting to see in Fig. 7 that at a
significance level of 0.6, the graph shows better precision in
stage 1 than in stage 3. It can be observed from Table 6 that at
this point, the total accepted case in stage 1 was only 1 with
no rejected case, whereas in stage 3, the accepted cases at this
stage are 7 and 1 rejected case. As we can see, the heuristics
gained from earlier studies from stage 1 and stage 2 improve
the accuracy to suggest a value that can be more widely
accepted in a particular context.

Table 7 shows the data derived from the resolved corpus
from both experiments. Table 8 shows the results of the

TABLE 6. Precision comparison between stage 1 and stage 3.

FIGURE 6. Improvement in acceptance level after stage 2.

FIGURE 7. Improvement in the precision level of stage 1 vs. stage 3.

experiment of stage 3 based on individual cases; the same
is illustrated in Fig. 8 for better understanding. The data
show a significant improvement in accepting the suggestion
given from the resolved corpus instead of Elicitor’s intellect.
It addresses our RQ4, whereas this stage helps the Elici-
tor make better decisions to suggest the same sense of the
sentence.

We used a confusion matrix to evaluate the performance of
the approach. The calculations were based on the experiment
conducted in stage 3.

The data in the resolved corpus are based on the heuristics
obtained from earlier experiments. Thus, the corpus can only
be used to suggest values for ambiguous instances that are
available in the corpus. Considering this, we evaluate our
approach by defining the elements of the confusion matrix
as follows:
True Positive (TP) are those cases that are accepted earlier

and are also accepted using corpus C.
False Positive (FP) are those cases that are accepted earlier

but are rejected using corpus C.
False Negative (FN) are those cases that are rejected ear-

lier but are accepted using corpus C.
True Negative (TN) are those cases that are rejected earlier

and are rejected using corpus C.
Because the resolved corpus that we use in stage 3 of our

experiment contains only those values that are accepted in
earlier stages, any instance rejected or revised cases are not
included in it. Therefore, the instances of FN and TN were 0.
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TABLE 7. Table derived from the resolved corpus for stage 3 experiment.

TABLE 8. Results for the experiment of stage 3 of the approach based on individual cases.

FIGURE 8. Comparison between the results of stage 1 experiments and stage 3 experiment of the approach based on individual case.

Based on these criteria, we evaluated the ability of the
resolved corpus in terms of precision, recall, and accuracy
at an allowable discordance level of 1. However, a similar
approach can be used to evaluate different discordance levels,
as shown in Fig. 7.

Precision =

∑
TP∑

TP+
∑
FP

(13)

Precision = 0.769,

Recall =

∑
TP∑

TP+
∑
FN

(14)

Recall = 1,
Interestingly, because the value of FN in our experiment

is 0, the value of recall is 1, which is perfect. However, this
comes with a price for the limited applicability of the resolved
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corpus. Conversely, if we allow multiple instances of the
same ambiguous word and its context but different suggested
values, it may result in higher applicability of the approach,
but lower recall value as instances of false-negatives will
occur. Thus, it may lead to lower accuracy. Perhaps, as the
resolved corpus matures over time, the precision tends to
improve, which may compensate for the lower recall values;
hence, high accuracy can be maintained along with high
applicability or flexibility.

The accuracy can be calculated using the F1 score as;

F1score =
2 ∗ Preciision ∗ Recall
Precision+ Recall

(15)

F1 score = 0.869.

VII. DISCUSSION
We conducted controlled experiments to evaluate the pro-
posed approach. The results of the experiment show that our
approach is capable of resolving detected ambiguity. In the
experiments, we achieved a precision of 0.769 (76.9%), recall
of 1 (100%), and F1 score of 0.869 (86.9%). In comparison
when we applied the fuzzy-based approach given earlier by
Ahmad et al. [31] to our data using only membership values,
after stage 1, the total number of unaccepted cases were 15 for
both experiments. However, in contrast to our approach,
in which we identified the reasons for rejected cases as hesita-
tion, tacit knowledge, and discordance at multiple acceptance
levels, the earlier fuzzy approachwas limited to only accepted
and rejected cases at the 100% acceptance level only.Multiple
discordance levels have the additional advantages. The elici-
tor can communicate with the stakeholders, and an allowable
discordance level can be approved for the project before its
initial release, which can be subsequently improved. Fur-
thermore, it could be based on multiple factors, such as the
project’s severity, budget, time, priority, and model. Thus,
it adds agility to the project.

In another approach, Ezzini et al. [27] address the accu-
racy of interpretation which can be attributed to catering
discordances. They achieved an average accuracy of 85.2%
and 84.4% in their experiments using NLP and domain-
specific corpora. However, it did not address other sources
of ambiguity like hesitation or tacit knowledge. Identifying
these sources is crucial as it equips the Elicitor with additional
information, as discussed earlier in Section V. The results that
we achieved are comparable to those of other studies that
target similar problems in the requirement elicitation process
of the software development industry. A comparison of the
issues addressed by these approaches in contrast to the pro-
posed approach is shown in Table 9. However, the proposed
approach is unique compared to other approaches because it
involves multiple problems, as discussed earlier, in a single
approach. To the best of our knowledge, no other approach
exists that addresses all of these problems collectively.

However, the accuracy of our approach depends on vari-
ous implicit factors. One such factor is the sincerity of the
stakeholder in providing consent to the ambiguous statement.

TABLE 9. Issues addressed by other approaches in contrast to the
proposed approach.

We also have to acknowledge that the respondents of our
experiment are not real stakeholders, so the results may vary
if taken in a live environment.

Few exciting areas remain to be investigated to improve
the performance of our approach and validate its success in
a real environment. First, in the future, we plan to study
the results of our approach in a live industrial environment
and compare it with manual approaches such as interviews
and group discussions that are widely used in the industry.
Second, so far in our approach, we used mean and range as
the statistical functions; it would be interesting if we also
use median; perhaps it may provide a better view of the
distribution of stakeholders’ responses. Third, we study the
applicability of our approach to various types of ambigui-
ties individually. Finally, since the resolved corpus that we
use in stage 3 of our approach is designed to address only
word-based ambiguities such as lexical and vagueness, which
limits its effectiveness, perhaps integrating NLP as used by
Ezzini et al. [27] for coordination and attachment ambiguities
with IFS may broaden the scope of this approach.

VIII. CONCLUSION
In this study, we proposed a semi-automatic approach to
resolve the detected ambiguity in requirement statements.
This approach reduces the time, cost, and explicit require-
ments for the availability of stakeholders at a particular
time during the ambiguity-resolving process. Furthermore,
the proposed approach identifies discordances among the
stakeholders and the elicitor and determines the reason for its
occurrence as either tacit knowledge or hesitation. In addi-
tion, the IF logic combined with the heuristic knowledge
gained helps the Elicitor improve the facticity of resolved
ambiguities between stakeholders and the elicitor. Thus, this
approach can be helpful to a novice elicitor in identifying tacit
knowledge, discordance, and hesitation among stakeholders
collectively and individually, an ability that usually comes
with experience. Furthermore, this additional information
may also help the Elicitor address cases that need to be
resolved manually using traditional methods. Social distanc-
ing and other such movement-controlled restrictions during
the COVID19 pandemics especially stand as proof for the
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necessity of such approaches to reduce physical involvement
yet works well with appreciable accuracy.
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