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Abstract

Requirement prioritization in Software Engineering is the activity that helps to select and or-
der for the requirements to be implemented in each software development process iteration. Thus,
requirement prioritization assists the decision-making process during iteration management. This
work presents a method for requirement prioritization that considers many experts’ opinions on
multiple decision criteria provided using fuzzy linguistic labels, a tool that allows capturing the
imprecision of each experts’ judgment. These opinions are then aggregated using the fuzzy ag-
gregation operator MLIOWA considering different weights for each expert. Then, an order for the
requirements is given considering the aggregated opinions and different weights for each evaluated
dimension or criteria. The method proposed in this work has been implemented and demonstrated
using a synthetic dataset. A statistical evaluation of the results obtained using different t-normswas
also carried out.
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1 Introduction
According to IEEE Software EngineeringVocabulary [1], Software Engineering (SE) is the application
of a systematic, disciplined, quantifiable approach to the development, operation, and maintenance
of software; that is, the application of engineering to software. Software is produced through a devel-
opment process that aims to meet the needs of its users. Such process is one of SE’s main objects of
study, for which several process models or lifecycles have been proposed, some of them more linear
from the construction point of view, while others are iterative in nature [2]. In the latter, software
construction occurs simultaneously with other activities such as design and planning.

Many iterative methodologies, such as Unified Process’, Scrum or Feature Driven Development
- FDD, propose to make a prioritization of the requirements. This task aims to achieve an ordering
over the requirements according to their priority level. This prioritization helps when choosing what
requirements will be implemented in each iteration, and it is useful tomake decisions during iteration
management.
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The criteria taken into consideration in requirement prioritization usually varies betweenmethod-
ologies. For instance, in Scrum the prioritization is realized by the Product Owner by means of Prod-
uct Backlog ordering [3]. Although no attribute is specified in Scrum Guide, it is expected that the
ordering is performed exclusively by value (i.e., the value or importance that the correspondent func-
tionality can bring to the client), since the Product Owner represents the client in the Development
Team. In others like the Rational Unified Process (RUP), both technical risk and business value are
taken into account [4].

However, in practice, other criteria are taken into consideration when planning an iteration. Be-
sides business value and technical risk, reusability may be of particular interest as it allows effort to be
saved for future functionalities. Another criterion usually considered is the requirements’ capacity to
be postponed if delays occurs in other tasks (a practice known as slack in Extreme Programming [5]).
It seems reasonable then to introduce all attributes that may be relevant to sort the requirements.

Nevertheless, as the number of attributes considered in the process increases, comparisons be-
come not only less significant, but also more difficult to perform. This phenomenon is produced by
the curse of dimensionality [6], that is, more attributes introduce the impossibility of a-priori compar-
ing requirements that are non-dominated (without using further preference information).

On the other hand, multiple decision makers are usually involved in the prioritization process. In
OpenUP (Open Unified Process), for instance, it is recommended that the whole team participate in
the Iteration Planning [7]. Again, in Scrum, Sprint Planning is a ceremony in which the entire team
participate and may also invite other people to attend in order to provide advice [3].

Ultimately, the iteration planning is based on the expert judgement of the development team
through an unstructured decision process where discussion and consensus among its members are
key components. Therefore, such a process has artisanal and heuristic characteristics that are far from
the systematic, disciplined and quantifiable approach that defines SE. For all this, it can be concluded
that the prioritization process is typically multi-criteria and multi-person [8].

Furthermore, an additional aspect that characterizes the prioritization process is that the valua-
tions assigned to each requirement’s attributes suffer from the cone of uncertainty’s effects [9]. That
is, such valuations are only estimates of the real values of the attributes, which will become more
certain as time passes. This uncertainty comes from various sources and can take different forms,
such as nonspecificity (several alternatives on which it has not yet been decided, for example, scope
or design), imprecision (lack of definite or sharp distinctions between categories, for example, when
estimating a feature’s complexity as Low or Moderate), strife (conflicting evidence or judgements,
for instance, from multiple experts), among others [10]. In this sense, the use of estimates in the
form of numbers or classic qualitative ordinal scales constitutes a methodologically questionable ap-
proach, since it implicitly assumes that such attributes are knownwith certainty. Moreover, the use of
probability theory can also be questioned, as only can cope with only one dimension of uncertainty
(conflict) [11]. Consequently, it is necessary to make use of a framework that takes into consideration
the multiple dimensions of uncertainty present in the requirement prioritization process.

Fuzzy Logic [12] offers a theoretical framework that allows to capture the imprecision of expert
judgements through the use of linguistic labels, which represent fuzzy sets or numbers. These labels
can be ordered by a nonreciprocal fuzzy preference relation [13], where a label si is preferable to
another sj to a certain degree that varies between 0 (si is not preferable at all to sj) and 1 (si is at
least as preferable as sj), admitting intermediate values. These labels can be used as values of the
different attributes of the requirements and obtain orders from them. Fuzzy Logic also offers tools
for decision-making in contexts with multiple objectives and multiple decision makers [10], so it is
judged as a highly valuable tool in solving problems such as requirement prioritization.

This work extends the proposal made in [14] and [15] and is structured as follows. Section 2
presents the proposed method for approaching the prioritization process. Therein, subsection 2.1
introduces the Fuzzy Linguistic Labels, 2.2 describes the relevant aggregation operators used, and
2.3 specifies the prioritization algorithm that produces the requirements ordering from the imprecise
evaluations of multiple experts across multiple dimensions or attributes. Section 3 presents the case
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of study used to test the approach and an experimental study about the impact of changing the t-norm
in the prioritization process. Section 4 contrasts this proposal with related works. Finally, section 5
collects the most relevant conclusions and identifies improvements that will be addressed in future
work.

2 Proposed method

2.1 Fuzzy linguistic labels
This article presents a method that uses only ordinal information through a tuple of linguistic labels
sorted by their index.

Let S be a finite and totally ordered set of labels used to indicate preferences with odd cardinality,
where ∀si, sj ∈ S, si ≥ sj → i ≥ j. The semantic of each linguistic term si is given by the ordered
structure. For example, S1 = (Low, Middle, High).

Among the benefits associated with this ordinal fuzzy linguistic approach, two of them are pri-
mal. First, its simplicity, since this technique works directly taking into consideration the order of the
labels in S. Secondly, the fact that linguistic assessments are approximations that are handled when
it is impossible or unnecessary to obtain more accurate values [16]. Thus, the experts can provide
evaluations for each requirement on each dimension of interest using this tool without focusing in
selecting a numeric value, resulting in an intuitive and effortless task.

Given E, a set of experts, P , a set of requirements to be prioritized, and D, a set of dimensions
or objectives to be evaluated by the experts, the method must be provided with ∣E∣matrices O∣P ∣×∣D∣,
where each ok(l, m) ∈ S represents the opinion of expert ek ∈ E on how well the requirement pl ∈ P
meets the dimension (criterion) dm ∈D.

Additionally, each expert e ∈ E can be linked to an importance degree using also the ordinal
scale S so their opinion will be ponderated accordingly. The same can be done with the evaluated
dimensions, so each dimension d ∈D weighs differently in the prioritization process.

2.2 Aggregation
In order to aggregate the ∣E∣ aforementioned experts’ opinions, an Induced Ordered Weighted Aver-
aging Operators (IOWA) is used to generate a single general matrix with the combined opinions of all
the experts. More specifically, in this work we use the majority guided linguistic IOWA (MLIOWA)
operator proposed in [16] because it solves common problems related to the semantic of aggregated
linguistic values, and it is a majority guided operator, so the weights used in the aggregation process
are induced considering the majority of values in the expert importance degree vector, allowing the
multiple experts’ evaluations to be aggregated in a single one for each requirement in each dimension.
Nonetheless, it is important to note that any other IOWA operator with similar characteristics can be
used, for instance, based on another aggregation criterion than that of the majority.

First, let Neg, Max and Min be a unary operator and two binary operators respectively, defined
on a linguistic set S = {s1, s2, . . . , s∣S∣} as presented in Equations 1 to 3.

Neg(si) = s∣S∣−i+1 (1)

Max(si, sj) = smax(i,j) (2)

Min(si, sj) = smin(i,j) (3)
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The MLIOWA operator is a function φI
Q ∶ (S × S)∣E∣ → S, defined as follows, where I is the vector

of importance related to the experts, and Q is a linguistic fuzzy quantifier representing the concept
of majority in the aggregation presented in Equation 4.

φI
Q((I1, p1),⋯, (I∣E∣, p∣E∣)) = sk (4)

with sk ∈ S and k as presented in Equation 5.

k = round(
∣E∣

∑
i=1

wi ⋅ ind(pσ(i))) (5)

such as:

1○ ind ∶ S → {1, ..., ∣S∣} such that ind(si) = i

2○ σ ∶ {1, ..., ∣S∣}→ {1, ..., ∣S∣} is a permutation such that uσ(i+1) ≥ uσ(i),∀i = 1, ..., ∣E∣ − 1.

3○ the order inducing values ui are calculated using the importance degrees Ii as shown in Equa-
tions 6 and 7.

ui =
supi + ind(Ii)

2
(6)

supi =
∣E∣

∑
j=1

supij ∣supij = {
1 if ∣ind(Ii) − ind(Ij)∣ < α ∈ {1, ..., ∣S∣}
0 otherwise

(7)

4○ and, lastly, the weighting vector w̄ calculated using the order inducing values as shown in Equa-
tion 8.

wi =
Q(

uσ(i)

∣E∣ )

∑∣E∣j=1 Q(
uσ(j)

∣E∣ )
(8)

For further information about the MLIOWA operator, see the original publication [16].

2.3 Prioritization algorithm
In a previous work, an algorithm for multi-criteria requirement prioritization was presented [14]. In
this work, a variation of thatwork that uses only linguistic labels and includesmultiple expert opinion
is shown.

Given a set of linguistic labels S, a set of experts E, a set of requirements to be prioritized P , a
set of dimensions or criteria D, ∣E∣matrices O∣P ∣×∣D∣, just as was defined in Section 2.1, and also given
an expert importance degree vector I ∈ S ∣E∣ and a criteria weight vector ρ ∈ S ∣D∣, the steps of the
algorithm are the following:

First, the experts’ opinions must be aggregated using the MLIOWA operator as stated in Section
2.2 using as input the ∣E∣matrices Oi and the experts importance degree vector I , producing a matrix
M ∣P ∣×∣D∣ with the aggregated experts’, where each mij ∈ S represents the aggregated opinion of the
set of experts about requirement pi ∈ P in relation to the dimension dj ∈D.

The next step is to build a comparison matrix for each dimension using as input the matrix M .
For a specific dimension dj ∈ D, the comparison matrix Cdj represents the fuzzy preference relation
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Rdj ⊆ P × P , where µRdj
, defined as shown in Equation 9, is the degree to which the requirement

pi ∈ P is at least as good as pk ∈ P according to the criterion dj .

c
dj

ik = µRdj
(pi, pk) =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

1 if ind(mij) ≥ ind(mkj)
0 if ind(mij) < ind(mkj) − β

1 − ∣ind(mij) − ind(mkj)∣
β + 1

otherwise

(9)

with β ∈ N, 0 < β < ∣S∣. Given a dimension j, when ind(mij) ≥ ind(mkj), i.e., when pi’s label is at a
position greater or equal to the position of pk’s label, then pi is at least as preferable to pk in maximum
degree regarding dimension j (e.g., at S1,Middle is at least as good as Low at grade 1). Further, when
ind(mij) < ind(mkj)−β, i.e., when the label of pi is at more than β positions of pk, then pi is not at all
preferable to pk (e.g., atS1, with β = 1, Low is at least as preferable asHigh at grade 0). Lastly, when the
position of pi’s label is at β or fewer positions than the position of pk’s label, then it is still possible that
pi is preferable to pk, but in a lesser degree, proportional to the distance between positions (e.g., at S1,
with β = 1, Low is as preferable as Middle at grade 0.5). Such possibility exists due to the imprecision
in the experts’ evaluations. Hence, β is a parameter that reflects the overlapping between the fuzzy
linguistic labels and depends on the characteristics of the addressed problem.

Then, these preference relations represented by each comparison matrix need to be weighted con-
sidering the criteria weight vector to obtain the pondered preference relations. To do this, an implica-
tion approach similar to the one presented by [17] can be used according to Equation 10, where↝ is
the fuzzy implication symbol and � is the fuzzy T-conorm used to define it. This would be the fuzzy
version of the logical equivalence p→ q ≡ ¬p ∨ q

µ
ρj

Rdj
(pi, pk) = ρj↝µRdj

(pi, pk) = �(1 −
ind(ρj)
∣S∣ , µRdj

(pi, pk)) (10)

Then, the global fuzzy preference relation Rg is the intersection

Rg =
∣D∣

⋂
j=1

R
ρj

dj

using the classic T-norm Min as shown in Equation 11.

µRg(pi, pk) = ⊺min
dj∈D
{µρj

Rdj
(pi, pk)} (11)

The global fuzzy preference relation is used then to build a new relation: the strict global fuzzy
preference relation Rs. The complement of µRs(pi, pk) (equation 12) represents the degree to which
pi does not dominate pk, and can be used to calculate the degree to which an alternative pk is not
strictly dominated by any other alternative. This last fuzzy set is called fuzzy non-dominance set and
is calculated as shown in Equation 13 [13].

µRs(pi, pk) =max{µRg(pi, pk) − µRg(pk, pi), 0} (12)

µRND
(pk) =min

pi

{1 − µRs(pi, pk)} = 1 −max
pi

{µRs(pi, pk)} (13)

The best alternative pND ∈ A is the requirement with the highest membership degree to the fuzzy
non-dominance set RND. Also, when this value is equal to 1, the decision is said to be non-dominated
and non-fuzzy.

Borzęcka [18] proposes using the non-dominance fuzzy set tomake the prioritization, but thismay
not be appropriate if there are alternatives that are not strictly dominated by others. For example, if
there are 3 alternatives a, b and c, such that a dominates b, b dominates c and, transitively, a dominates
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c, b and c would have their membership degree equal to 0 making them equally preferable according
to [18], which is not true.

In order to solve this problem, themost preferable solutions pND can be removed from the set, then
the membership function of the remaining alternatives to the strict global fuzzy preference relation
can be calculated again and finally their non-dominance degree. This procedure is repeated until
there is no alternative left to be prioritized.

This method fits problems with either small or large numbers of requirements because it is possi-
ble to compose a single global fuzzy relation from an arbitrary number of dimensions. For this, fuzzy
preference relations are used to evaluate multiple criteria with different degrees of importance in or-
der to classify the alternatives considering the stakeholders’ opinions, weighted by their relevance.
Then, a decreasing order of the solutions is obtained taking into consideration all the aforementioned
aspects.

The structure of the algorithm is described in Algorithm 1.

Algorithm 1 Proposed prioritization algorithm
Require: S ▷ Linquistic label set
Require: P ▷ Requirement set
Require: D ▷ Dimensions
Require: E ▷ Experts
Require: ∣E∣ ×Mi ∈ S ∣P ∣×∣D∣ ▷ Experts’ opinion matrices
Require: I ∈ S ∣E∣ ▷ Experts’ importance degree vector
Require: ρ ∈ S ∣D∣ ▷ Dimensions’ importance degreee vector
Ensure: Partial order of requirements
1: M = Aggregate experts’ matrices using MLIOWA operator
2: Cg = Initialize the global fuzzy preference relation matrix
3: for dj ∈D do
4: Cdj = Build comparison matrix according to dj using M
5: Cdj = Ponderate dimension using ρj through the fuzzy implication formula
6: for i,k = {1,...,|P|} do
7: cg

ik = ⊺min(mg
ik, c

dj

ik)
8: end for
9: end for
10: order = []
11: while P ≠ ∅ do
12: Cs = Build strict comparison matrix using Cg

13: ND = Build the non-dominance vector using Cs

14: pND = Get the requirements with the highest non-dominance value
15: position = ∣order∣ + 1
16: orderposition = pND

17: Remove the requirements pND from P and from Cg

18: end while
19: return Order

3 Case study
In order to illustrate how the proposed method works, a proof of concept using a generated dataset
is shown below as a weak form of validation [19]. The dataset consists of five experts’ opinions
about 10 requirements related to a Content Management System (CMS) (see Table 1) evaluated on
3 different dimensions: Complexity degree of implementing the requirement, Degree of Reusability
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Table 1: Requirement set used in the proof of concept.

ID Requirement description
1 Customize the User Interface.
2 Add Content Editor and content approver role.
3 Provide a portal to the Content provider with options.
4 Email notifications to be sent to content provider.
5 Conversion of the content to Digital format.
6 Quality check of the content.
7 Check Content format.
8 Apply security over the content.
9 Create package.
10 Create poster for advertisements.

of the implementation and Importance to Costumer. This set of dimensions gives better results in the
requirement prioritization process according to [20].

The requirement set, the dimensions and the first expert evaluations were obtained from [14, 20]
(see Table 2). The rest of the opinions were generated arbitrarily. An implementation of this method
and the data used for this experiment are publicly available, and the link to the repository can be
found in the Availability of Data and Material section of this article.

Firstly, in all the cases the fuzzy linguistic label set that was used is S, described below. In this
case, the label “VL” means Very Low, “L” means Low, “M” means Medium, “H” stands for High and
lastly “VH” stands for Very High. However, it is important to note that the semantic of each label is
given by its position in the tuple, as was mentioned in Section 2.1.

S = (s1 ∶ “VL”, s2 ∶ “L”, s3 ∶ “M”, s4 ∶ “H”, s5 ∶ “VH”)
Additionally, the expert importance degree vector I and the criteria weight vector ρ used were the

ones described below:

I =(i1 ∶ “M”, i2 ∶ “VH”, i3 ∶ “M”, i4 ∶ “M”, i5 ∶ “M”)
ρ =(Complexity ∶ “VH”,Reusability ∶ “M”, Importance ∶ “M”)

Using the aforementioned input, the first step of the algorithm aims to aggregate the experts’
opinions into a single general matrix. To do this, the MLIOWA operator is used. Hereunder, the

Table 2: Example of one of the experts’ opinions matrices used in the proof of concept.

Requirement Complexity Reusability Importance
1 M L H
2 M VH VH
3 VH M H
4 VL VL VL
5 M H H
6 VH VH H
7 L L L
8 VL M VL
9 VL L L
10 L VL VH
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calculations for the element m11 are presented as an example, corresponding to the requirement 1
and the criterion “Complexity”, being the experts’ opinions for this pair the following:

(e1 ∶ “M”, e2 ∶ “M”, e3 ∶ “L”, e4 ∶ “H”, e5 ∶ “M”)

The support supi for each expert importance degree was calculated according to equation 7, con-
sidering α = 1, getting the vector sup = (4, 1, 4, 4, 4) as result. The first element of the vector was
calculated with Equation 14, and the rest of the elements were calculated equally.

sup1 =
5
∑
j=1

sup1j = 1 + 0 + 1 + 1 + 1 = 4 (14)

The next step aims to get the order inducing value vector u, calculated with Equation 15 according
to Equation 6.

u = (
4 + 3

2
,
1 + 5

2
,
4 + 3

2
,
4 + 3

2
,
4 + 3

2
) = (3.5, 3, 3.5, 3.5, 3.5) (15)

The vector u induces the order shown in Table 3 and allows to get the weights to weigh the ex-
perts’ opinions using Equation 8. In this case, the fuzzy quantifier “most of”, Q, was defined by the
parameters (0.3, 0.8). These weights can be seen in the same table mentioned above.

Table 3: Induced order and weights

σ Expert u µQ wi

1 e1 3.5 0.8 0.21
2 e3 3.5 0.8 0.21
3 e4 3.5 0.8 0.21
4 e5 3.5 0.8 0.21
5 e2 3 0.6 0.15

Lastly, the experts’ were aggregated according to the induced order using the weights calculated
before, using Equation 16.

k = round(
5
∑
i=1

wi ⋅ ind(pσi)) (16)

k = round(0.21 ⋅ ind(H) + 0.21 ⋅ ind(M) + 0.21 ⋅ ind(M) + 0.21 ⋅ ind(L) + 0.15 ⋅ ind(M)) =
= round(0.21 ⋅ (4 + 3 + 3 + 2) + 0.15 ⋅ 3) = round(2.97) = 3

Then, the aggregated value for the requirement 1 evaluated on the criterion “Complexity” is s3 ∶
“M”. The whole aggregated matrix is shown in Table 4.

After aggregating the experts’ opinions, the comparison matrices for each dimension were calcu-
lated using Equation 9 (with β = 1)and then weighed using the Equation 10 with the vector ρ. Then,
the global fuzzy preference relation was determined as the intersection of the three aforementioned
comparison matrices. The result of this process can be seen as follows.
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Table 4: Result of aggregating the five opinion’s matrices using the MLIOWA operator

Requirement Complexity Reusability Importance
1 M L H
2 M VH VH
3 H M H
4 VL VL VL
5 M H H
6 VH VH H
7 L L L
8 VL M VL
9 VL L L
10 L VL VH

Cg = CComplexity ∩CReusability ∩C Importance =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜
⎝

1 .4 .5 1 .4 0 1 .5 1 .5
1 1 .5 1 1 0 1 1 1 1
1 .4 1 1 .5 .4 1 1 1 .5
0 0 0 1 0 0 .5 .4 .5 .4
1 .5 .5 1 1 0 1 1 1 .5
1 .5 1 1 1 1 1 1 1 .5
.4 .4 0 1 .4 0 1 .5 1 .4
0 0 0 1 0 0 .5 1 .5 .4
0 0 0 1 0 0 .5 .5 1 .4
.5 .4 0 1 .4 0 .5 .4 .5 1

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟
⎠

Lastly, the strict comparison matrix was computed, and then the partial order was generated by
iteratively calculating the non-dominance vector and selecting those requirements with the biggest
non-dominance membership value. The non-dominance vector calculated in each iteration as well as
the non-dominated requirements are shown in Table 5. The resulting order, then, is the one shown in
the "Selected" column, being the ones in the first row more preferable than the one in the second row
and so on. If there are two or more requirements in a row, that means those requirements are equally
preferable.

Table 5: Algorithm iterations for requirements prioritization. An − shows the requirements that
were selected previously.

Requirements
i Order 1 2 3 4 5 6 7 8 9 10 Selected
1 1 0.0 0.5 0.4 0.0 0.0 1.0 0.0 0.0 0.0 0.4 6
2 2 0.4 1.0 0.9 0.0 0.5 - 0.0 0.0 0.0 0.4 2
3 3 0.4 - 1.0 0.0 1.0 - 0.0 0.0 0.0 0.5 3, 5
4 5 1.0 - - 0.0 - - 0.4 0.5 0.0 1.0 1, 10
5 7 - - - 0.4 - - 1.0 1.0 0.5 - 7, 8
6 9 - - - 0.5 - - - - 1.0 - 9
7 10 - - - 1.0 - - - - - - 4

The results are consistent with the results obtained in [14]: when a single expert is provided, the
two methods are equivalent.

ParadigmPlus (2022) 3:1



10 Giovanni Daián Rottoli and Carlos Casanova
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Cs =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜
⎝

0 0 0 1 0 0 .6 .5 1 .0
.6 0 .1 1 .5 0 .6 1 1 .6
.5 0 0 1 0 0 1 1 1 .5
0 0 0 0 0 0 0 0 0 0
.6 0 0 1 0 0 .6 1 1 .1
1 .5 .6 1 1 0 1 1 1 .5
0 0 0 .5 0 0 0 0 .5 0
0 0 0 .6 0 0 0 0 0 0
0 0 0 .5 0 0 0 0 0 0
0 0 0 .6 0 0 .1 0 .1 0

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟
⎠

3.1 T-norm comparison
As mentioned in [15], the prioritization method proposed in this work uses the T-norm min to inter-
sect the comparisonmatrices calculated for each evaluateddimension (Algorithm1, step 7). Nonethe-
less, any other T-norm can be used.

In order to understand if the selection of the t-norm used in this step produces a relevant impact
in the result of the prioritization process, three different t-norms were compared by using random
data matrices following the procedure specified in Algorithm 2.

This procedure uses inputmatrices generated randomly by taking values from the aforementioned
vector S of linguistic labels. The number of requirements was constant and equal to 100 and the
number of dimensions varied from3 to 9, in order to understandwhether the behavior associatedwith
each T-norm depends on this parameter. With each configuration 500 comparisons were performed.

It is also important to note that this randomly generated matrices simulate an aggregated matrix
or the input matrix provided by just one expert, due to the lack of impact of this parameter in the
objective of study. For the same reason, the dimensions were considered to have the same importance
degree, so the weighting process was not performed.

On the other hand, the t-norms considered in this work were the t-norm Min (⊺Min), also called
the Gödel t-norm, for being the de-facto standard in the literature, the t-norm Product (⊺P rod) for

Algorithm 2 Procedure for T-norms comparison
Require: iterations ∈ N ▷ Number of iterations
Require: nReqs ∈ N ▷ Number of requirements
Require: nDims ∈ N ▷ Number of dimensions
Require: Tnorms ▷ T-norms to be evaluated
1: TotalitySet = ∅
2: Distances = ∅
3: for i ∈ (1, 2, ..., iterations) do
4: D = RandomMatrix(nReqs, nDims)
5: Order = ∅
6: for ⊺j ∈ Tnorms do
7: Order(i,⊺j) = Prioritize(D,⊺j)
8: TotalitySet(i,⊺j) = EvaluateTotality(D)
9: end for
10: for (⊺j ,⊺k) ∈ Tnorms × Tnorms do
11: Distances(⊺j ,⊺k, i) = EvaluateDistance(Order(i,⊺j), Order(i,⊺k)
12: end for
13: end for
14: return TotalitySet, Distances
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allowing the variables to interact with each other, and the Łukasiewicz T-norm (⊺Luk), for differ in the
way the variables interact by using a summative formula. These t-norms are calculated respectively
as shown in Equations 17, 18 and 19.

⊺Min(a, b) =min(a, b) (17)

⊺P rod(a, b) = a ⋅ b (18)

⊺Luk(a, b) =max(0, a + b − 1) (19)

The procedure begins by generating in each iteration a random matrix of expert’s opinions using
the parameters mentioned before. Then, for each t-norm the prioritization process was carried on as
specified in the previous sections. Then, the totality degree of each generated order was calculated.
This metric aims to get the degree to which an order is closer to be total as the ratio between the length
of the longest chain (totally ordered set) that is subset of the evaluated order, and the length of its
lineal extension, which is the same as the number of requirements.

Then, for each pair of t-norms, a distance was calculated between the orders generated by each
one of them for a specific input matrix. This metric aims to find the average difference between the
position of the requirements in both orders through the function shown in Equation 20, where R is
the set of requirements, and Pos(x, O) is a function that returns the position of the requirement x in
the order O.

Distance(O⊺j , O⊺k
) =

∑
x∈R
∣Pos(x, O⊺j) − Pos(x, O⊺k

)∣

∣R∣ (20)

As a result of the whole procedure, a set of totality values for each t-norm and a set of distance
values between each pair of t-norms paired by input matrix was obtained. The distribution of these
values can be seen in Figure 1.

Using the Wilcoxon signed-rank test [21], the non-parametric version of the paired t-test, it was
tested if there are significative differences between the distribution of the totality variable for each
considered t-norm. The results can be seen in Table 6.

According to the results, there is 88.30% of probability for the totality variable to be higher if the
Product t-norm is used instead of the Min t-norm, 97.02% of probability to be higher if the Product
t-norm is used instead of the Łukasiewicz t-norm, and a 87.75% to be higher if the Min t-norm is used
instead of the Łukasiewicz t-norm, according to the common language effect size measure (CLES)
[22] and the Rank-biserial correlation measure [23], as can be seen in the aforementioned table.

On the other hand, as can be seen in Figure 1, the totality degree decreases with the number
of dimensions, specially using the min and the Łukasiewicz t-norm. With the product t-norm, the
totality value increases with low dimensionality but decreases after 5 dimensions. This behavior

Table 6: Wilcoxon signed-rank test results

Hypothesis Wilcoxon Statistic P-value RBC CLES
H0 ∶ Totality(Prod) ≤ Totality(Min) 2871928.0 0.0 0.999992 0.883074
HA ∶ Totality(Prod) > Totality(Min)
H0 ∶ Totality(Prod) ≤ Totality(Luk) 2881200.0 0.0 1.0 0.970211
HA ∶ Totality(Prod) > Totality(Luk)
H0 ∶ Totality(Min) ≤ Totality(Luk) 2875044.0 0.0 0.997276 0.877522
HA ∶ Totality(Min) > Totality(Luk)
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(a) Totality degree distribution

(b) Distances between t-norms

Figure 1: Metrics evaluated in the t-norm comparison. 500 iterations with 100 requirements.

could be produced due to the curse of dimensionality. If the number of dimensions is low, the extra
dimensions could help the method to break ties, but if more dimensions are considered, the method
could have problems in the comparison process. This hypothesis will be tested in future works.

Furthermore, the distance betweenpaired solutions consistently increases for the pairs Łukasiewicz
andmin, and Łukasiewicz and product. Thus, we could expect solutions to be different if Łukasiewicz
t-norm is used instead of any of the others. For the pair product t-norm and min t-norm, the solu-
tions are more similar for higher dimensionality, having small totality degree. This also can be seen
in Figure 2, which shows how the probability of the totality value for the product t-norm to be higher
than the value for the min t-norm decreases with the number of dimensions, so the orders tends to
be more similar to each other, which also can be seen in the Figure 1. Additionally, the dispersion of
the distance variable for this pair also increases, which does not occur for the other two pairs.

In consequence, we can expect the orders obtained using the product t-norm to be more total than
the ones obtained with the min and the Łukasiewicz t-norms. In addition, the higher the dimen-
sionality, the more partial these orders are. Also, by using the Łukasiewicz t-norm we cannot ensure
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Figure 2: CLES value obtained through Wilcoxon signed-rank test for each dimension.

results similar to the ones obtained using the min or the product t-norm, but these last two t-norms
tends to produce more similar results instead.

These results can be used to choose the more appropriate T-norm according to both the character-
istics of the problem and the characteristics of the decision-maker. More total orders, obtained using
the product t-norm, may be preferred to the partial ones, for example, when trade-offs between ob-
jectives are allowed, while the opposite may be preferable when the decision-maker wants to break
the ties according to their personal experience, specially when the number of criteria is low. This can
be achieved, for example, by using the min t-norm.

Table 7, for example, shows different orders for the requirements used in the case study presented
in Section 3, each of which was obtained using a different T-norm and considering all the evaluated
dimensions of equal importance degree. It can be noted that the T-norm min produced an order that
is more partial than the one obtained using the product t-norm, being both orders consistent with
each other.

Differences arise in pairs of requirements p1 and p10, and p7 and p8. In the last case, using the min
t-norm, p7 and p8 are equally preferable (i.e., neither dominates the other), whereas with product
and Łukasiewicz t-norms, p7 has priority over p8. This is because product and Łukasiewicz t-norms
allow some interactivity between the criteria. Particularly in this case, p7 is slightly superior to p8 in
Complexity (cComplexity(p7, p8) = 1, cComplexity(p8, p7) = 0.5) and Importance (cImportance(p7, p8) =
1, cImportance(p8, p7) = 0.5), while p8 is slightly superior in Reusability (cReusability(p7, p8) = 0.5,
cReusability(p8, p7) = 1). Aggregating the criteria using themin t-norm, cg(p7, p8) =min(1, 0.5, 1) = 0.5
and cg(p8, p7) =min(0.5, 1, 0.5) = 0.5, thus the strict relation values are cS(p7, p8) = cS(p8, p7) = 0, i.e.,
p7 and p8 do not dominate each other. However, it could be considered that, since p7 is slightly su-

Table 7: Different orders for the requirement set used in the case study depending on the t-norm
used in the prioritization process, considering the evaluated criteria to be equally important.

Position
T-norm 1 2 3 4 5 6 7 8 9 10 Totality
Min 6 2 3, 5 - 1, 10 - 7, 8 - 9 4 0.7

Product 6 2 3, 5 - 1 10 7 8,9 - 4 0.8
Łukasiewicz 6 2 3, 5 - 1 10 7 8,9 - 4 0.8
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perior to p8 in two of the three criteria, the former should have priority over the latter. This type of
compensation can be taken into account if, for instance, the product t-norm is used. In such a case,
aggregating the criteria yields cg(p7, p8) = 1 ⋅ 0.5 ⋅ 1 = 0.5 and cg(p8, p7) = 0.5 ⋅ 1 ⋅ 0.5 = 0.25, and
thus cS(p7, p8) = 0.25 and cS(p8, p7) = 0, i.e. p7 is preferable to p8. Similar results can be achieved
with Łukasiewicz’s t-norm. A similar analysis can be done for requirements p1 and p10 (p1 is slightly
superior in Complexity and Reusability, while p10 is slightly superior in Importance).

Lastly, all the tests performed in these evaluations are available in the Availability of Data and
Material section.

4 Related work
According to Bukhsh et al [24], only a few articles uses fuzzy logic for requirement prioritization in
software engineering. These studies differ from our proposal as describe hereunder.

Lima et al [25] suggested a framework that uses fuzzy linguistic terms parameterized using fuzzy
numbers. In contrast, ourmethods do not need to use fuzzy numbers due to the fact that the semantics
of each label is associated to its order in the fuzzy linguistic label set. Additionally, ourmethod allows
integratingmultiples decisionmakers or experts, which is not considered in the previouslymentioned
proposal. This also occurs in [26]. The authors designed amethod for requirement prioritization easy
to use and implement but do not consider multiple experts’.

On the other hand, Achimugu et al [27] considers the opinion of multiple stakeholders parame-
terized with triangular fuzzy numbers as in [25] but do not consider multiple objectives or criteria as
our method does.

Then, Franceschini et al [28] proposes a method for fusing multiples orders of priority, given by
multiple experts with different degrees of importance. This method allows the stakeholders not to
include into their order all the requirements, which is a tremendous advantage if the experts do not
have the same degree of expertise on the different evaluated criteria. However, this method uses as
input an order of requirements per expert, which is not the case of our algorithm that uses the experts’
opinions about the requirements instead.

Moreover, search-based approaches, like presented by Tonella et al [29], propose to perform a pri-
oritization incorporating order constraints, for instance, of technical precedence or business priority
nature. However, the resolution method, based on an interactive genetic algorithm, does not help in
the initial definition of such constraints, and our method could be used to that effect. Furthermore,
the proposal of [29] is based in the interaction with a single decision maker, while our method allows
incorporating the opinion of multiple decision makers or experts.

Finally, the problem of grouping requirements and assigning them to software iterations or re-
leases can be viewed as a prioritization. This problem has been formulated as an optimization prob-
lem and is known as the Next Release Problem (NRP) or Release Planning (RP). There are many
variants, both mono [30] and multi-objective [31]. However, as in the approach mentioned in the
previous paragraph, information about the priority or value of requirements is often used as a mea-
sure of merit or quality to guide the search. Similarly, the results of our approach can be used as
parameters for the NRP and RP problems.

To sum up, the algorithm proposed in this article allows the user to generate a partial order of a
set of requirement based onmultiple experts’ opinions with different importance degrees onmultiple
criteria, that also areweighed. Moreover, the proposedmethod takes as input fuzzy evaluations using
fuzzy linguistic labels, which allows the experts to provide their opinions in a more familiar way. The
semantics of the linguistic labels is given by their position in the ordered fuzzy linguistic label set, so
they do not depend on the definition of fuzzy numbers.

The method is easy to implement and use. This can be seen in the implementation annexed to this
article, making it highly applicable in the industry, which is a common limitation remarked in [24].
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5 Conclusion
This work presents a method for requirement prioritization that uses the opinions of many experts
on many decision criteria, expressed using fuzzy linguistic labels. The opinions are aggregated using
a majority guided linguistic IOWA considering weights for each expert, and then, the requirements
are compared based on the aggregated experts’ opinions on the evaluated dimensions, which are
also weighed by their importance. Moreover, the weights linked to the criteria and to the experts are
expressed using also fuzzy linguistic labels.

The proposed method was demonstrated using a case of study that works as a initial form of
validation. The algorithm was implemented in such a way that the user only has to provide the
opinions and basic configurations to use it. This is a very desirable property. In future works, an
empirical study has to be performed to complement the one presented in these pages, in order to
understand how the proposal works in a real context with real users.

In contrast to previous works, this article also presents an initial comparison of the different T-
norms that can be used in the process, particularly in the intersection of each evaluated dimension.
This study shows significant differences in the degree to which an order is more linear depending
on the t-norm that was used to obtain it. Nonetheless, the study was performed without considering
different importance degree for each dimension. Because of the use of a t-conorm in the weighting
process that usually is associated with a t-norm, the results may vary if this extra factor is considered.
This consideration remains for futureworks, aswell as using differentmetrics to evaluate the obtained
orders.

Finally, other improvements to be made in the future includes allowing the experts not to give
an opinion for all the evaluated dimensions, considering consensus metrics in the prioritization pro-
cess, using and comparing other IOWA operators, and using a different linguistic label set for each
dimension.

Acknowledgments
The authors want to thank Tomás Casanova and Kevin-Mark Bozell Poudereux for proofreading the
translation, and to the anonymous reviewers for their valuable comments and suggestions.

Authors’ Information
– GiovanniDaián Rottoli is Information Systems Engineer and Ph.D. candidate in Computer Sci-
ences. He is professor and researcher in the Computational Intelligence and Software Engineer-
ing research group from the Universidad Tecnológica Nacional, Facultad Regional Concepción
del Uruguay (Argentina).

– Carlos Casanova is Ph.D. in Engineering and Information Systems Engineer. He is profes-
sor and main researcher in the Computational Intelligence and Software Engineering research
group from the Universidad Tecnológica Nacional, Facultad Regional Concepción del Uruguay
(Argentina).

Authors’ Contributions
– Giovanni Daián Rottoli made the experiment design and execution and participated in the
results analysis as well as writing the manuscript.

– Carlos Casanova made the algorithm design and participated in the results analysis as well as
writing the manuscript.

ParadigmPlus (2022) 3:1



16 Giovanni Daián Rottoli and Carlos Casanova
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Competing Interests
The authors declare that they have no competing interests.

Funding
National TechnologicalUniversity Project SIUTICU0005297TC: “Preference-basedMulti-objectiveOp-
timization Approaches applied to Software Engineering”. Argentina.

Availability of Data and Material
– GdRottoli/RequirementPrioritization: RP v1.1.0. 2021. DOI: 10.5281/zenodo.5327643

– GdRottoli/RequirementPrioritizationExperiments_TnormsComparison: Min-Prod-Luka Com-
parison (V1.0). DOI: https://doi.org/10.5281/zenodo.5771120

References

[1] “Iso/iec/ieee international standard - systems and software engineering–vocabulary,” 2017.

[2] P. Bourque and R. E. Fairley, eds., SWEBOK: Guide to the Software Engineering Body of Knowledge.
IEEE Computer Society, version 3.0 ed., 2014.

[3] K. Schwaber and J. Sutherland, “The scrum guide,” Scrum Alliance, vol. 21, no. 19, p. 1, 2011.

[4] P. Kroll and P. Kruchten, The Rational Unified Process Made Easy: A Practitioner’s Guide to the RUP:
A Practitioner’s Guide to the RUP. Addison-Wesley Professional, 2003.

[5] K. Beck andC.Andres, “Extremeprogramming explained: Embrace change. 2-nd edition,” 2004.

[6] R. E. Bellman and S. E. Dreyfus, Applied dynamic programming. Princeton university press, 2015.

[7] M. Cossentino, V. Hilaire, and V. Seidita, “The openup process,” in Handbook on Agent-Oriented
Design Processes, pp. 491–566, Springer, 2013.

[8] T. Luft, S. Rupprecht, S. Wartzack, et al., “A concept and prototype for a new app to support col-
laborative and multi-criteria decision making in product development,” in DS 87-1 Proceedings
of the 21st International Conference on Engineering Design (ICED 17) Vol 1: Resource Sensitive De-
sign, Design Research Applications and Case Studies, Vancouver, Canada, 21-25.08. 2017, pp. 389–398,
2017.

[9] S. McConnell, Software project survival guide. Pearson Education, 1998.

[10] G. J. Klir and B. Yuan, Fuzzy Sets and Fuzzy Logic: Theory and Applications. USA: Prentice-Hall,
Inc., 1994.

[11] G. Klir and M. Wierman, Uncertainty-based information: elements of generalized information theory,
vol. 15. Springer Science & Business Media, 1999.

[12] L. Zadeh, “Fuzzy sets,” Information and Control, vol. 8, no. 3, pp. 338–353, 1965.

[13] S.A.Orlovsky, “Decision-makingwith a fuzzypreference relation,” Fuzzy Sets and Systems, vol. 1,
no. 3, pp. 155–167, 1978.

[14] M. L. Gabioud and C. Casanova, “Priorización en ingeniería de requerimientos con preferencias
difusas,” in VII Congreso Nacional de Ingeniería Informática/Sistemas de Información, 2019.

ParadigmPlus (2022) 3:1

10.5281/zenodo.5327643
https://doi.org/10.5281/zenodo.5771120


Multi-criteria and Multi-expert Requirement Prioritization using Fuzzy Linguistic Labels 17
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

[15] G. D. Rottoli andC. Casanova, “Multi-criteria group requirement prioritization in software engi-
neering using fuzzy linguistic labels,” in ICAIW 2021: Workshops at the Fourth International Confer-
ence on Applied Informatics 2021, CEURWorkshop Proceedings, (New York, NY, USA), p. 16–28,
Association for Computing Machinery, 2021.

[16] E. Herrera-Viedma, G. Pasi, A. G. Lopez-Herrera, and C. Porcel, “Evaluating the information
quality of web sites: Amethodology based on fuzzy computingwithwords,” Journal of the Amer-
ican Society for Information Science and Technology, vol. 57, no. 4, pp. 538–549, 2006.

[17] R. R. Yager, “A new methodology for ordinal multiobjective decisions based on fuzzy sets,” in
Readings in Fuzzy Sets for Intelligent Systems (D. Dubois, H. Prade, and R. R. Yager, eds.), pp. 751–
756, Morgan Kaufmann, 1993.

[18] H. Borzęcka, “Multi-criteria decision making using fuzzy preference relations,” Operations Re-
search and Decisions, vol. 22, 2012.

[19] R. Wieringa, Design science methodology for information systems and software engineering. Springer,
2014.

[20] M. Muqeem and M. R. Beg, “A fuzzy based approach for early requirement prioritization,” In-
ternational Journal Of Computers & Technology, vol. 15, no. 2, pp. 6480–6490, 2015.

[21] F. Wilcoxon, “Individual comparisons by ranking methods,” in Breakthroughs in statistics,
pp. 196–202, Springer, 1992.

[22] K. O. McGraw and S. P. Wong, “A common language effect size statistic.,” Psychological bulletin,
vol. 111, no. 2, p. 361, 1992.

[23] E. E. Cureton, “Rank-biserial correlation,” Psychometrika, vol. 21, no. 3, pp. 287–290, 1956.

[24] F. A. Bukhsh, Z. A. Bukhsh, and M. Daneva, “A systematic literature review on requirement
prioritization techniques and their empirical evaluation,”Computer Standards& Interfaces, vol. 69,
p. 103389, 2020.

[25] D. C. Lima, F. Freitas, G. Campos, and J. Souza, “A fuzzy approach to requirements prioriti-
zation,” in Search Based Software Engineering (M. B. Cohen and M. Ó Cinnéide, eds.), (Berlin,
Heidelberg), pp. 64–69, Springer Berlin Heidelberg, 2011.

[26] A. Ejnioui, C. Otero, and L. Otero, “A simulation-based fuzzy multi-attribute decision making
for prioritizing software requirements,” in Proceedings of the 1st Annual Conference on Research
in Information Technology, RIIT ’12, (New York, NY, USA), p. 37–42, Association for Computing
Machinery, 2012.

[27] P. Achimugu, A. Selamat, and R. Ibrahim, “Using the fuzzy multi-criteria decision making ap-
proach for software requirements prioritization,” Jurnal Teknologi, vol. 77, no. 13, 2015.

[28] F. Franceschini, D. Maisano, and L. Mastrogiacomo, “Customer requirement prioritization on
qfd: a new proposal based on the generalized yager’s algorithm,” Research in Engineering Design,
vol. 26, pp. 171–187, Apr 2015.

[29] P. Tonella, A. Susi, and F. Palma, “Interactive requirements prioritization using a genetic algo-
rithm,” Information and Software Technology, vol. 55, no. 1, pp. 173–187, 2013. Special section: Best
papers from the 2nd International Symposium on Search Based Software Engineering 2010.

[30] A. Bagnall, V. Rayward-Smith, and I. Whittley, “The next release problem,” Information and Soft-
ware Technology, vol. 43, no. 14, pp. 883–890, 2001.

ParadigmPlus (2022) 3:1



18 Giovanni Daián Rottoli and Carlos Casanova
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

[31] Y. Zhang, M. Harman, and S. A. Mansouri, “The multi-objective next release problem,” in Pro-
ceedings of the 9th Annual Conference on Genetic and Evolutionary Computation, GECCO ’07, (New
York, NY, USA), p. 1129–1137, Association for Computing Machinery, 2007.

ParadigmPlus (2022) 3:1


	Introduction
	Proposed method
	Fuzzy linguistic labels
	Aggregation
	Prioritization algorithm

	Case study
	T-norm comparison

	Related work
	Conclusion

