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Abstract

Requirement prioritization is a Software Engineering task that helps to choose which and in what order
requirements will be implemented in each software development process iteration. In the same way,
requirement prioritization is extremely useful to make decisions during iteration management. In this
work a method for requirement prioritization is proposed. This method considers many experts’ opin-
ions on multiple decision criteria provided using fuzzy linguistic labels, which allows to capture the
imprecision of each experts’ judgment. The opinions are aggregated using a majority-guided linguistic
IOWA operator considering different weights for each expert and then the requirements are prioritized
considering the aggregated opinions and different weights for each evaluated dimension. The proposed
method has been implemented and demonstrated using a test dataset.

Keywords

Requirement prioritization, Fuzzy logic, Linguistic labels, OWA, Software Engineering

1. Introduction

According to [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 to meet the needs of its users,
and the process that transforms these needs into a software is called software development
process, which is one of SE’s main objects of study. Several process models or life cycles 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 methodologies that utilize an iterative model (from UP’s first versions to Scrum or
FDD) propose to make a prioritization of the requirements, the result of which is an ordering
over the requirements according to their priority level. This prioritization helps when choosing
what requirements will be implemented in each iteration. In the same way, it is useful to make
decisions during iteration management.
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The criteria taken into consideration in requirement prioritization usually varies between
methodologies. For instance, in Scrum the prioritization is realized by the Product Owner by
means of Product 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 functionality can bring to the client), since the Product Owner represents
the client in the Development Team. In others like 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.
For instance, reusability may be of particular interest for allowing to save effort in future
functionalities, or the capacity to be postponed if delays occurs in other tasks (a practice known
as slack in XP [5]). It seems reasonable then to introduce all attributes that may be relevant to
sort the requirements.

Nevertheless, the higher the number of attributes considered in the process, the less significant
the comparisons are and the more difficult to perform. This phenomenon is produced by the curse
of dimensionality [6], that is, more attributes introduce the impossibility of a-priori comparing
requirements that are non-dominated (without using further preference information).

On the other hand, in the prioritization process multiple decision makers are usually involved.
In OpenUP 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].

The iteration planning is, ultimately, based on the expert judgment of the development team
in an unstructured decision process and is carried out through discussion and consensus among
its members. 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.

Furthermore, an additional aspect that characterizes the prioritization process is that the
valuations assigned to the attributes of each requirement suffer from the cone of uncertainty’s
effects [8]. That is, such valuations are only estimates of the real values of the attributes, which
will become more certain as time passes. In this sense, the use of estimates in the form of numbers
or classic qualitative ordinal scales constitutes a methodologically questionable approach, since
it implicitly assumes that such attributes are known with certainty. Consequently, it is necessary
to make use of a framework that takes into consideration the uncertainty that produces the
impossibility of establishing the estimates precisely.

Fuzzy Logic [9] offers a theoretical framework that allows to capture the imprecision of
expert judgments through the use of linguistic labels, which represent fuzzy sets or numbers.
These labels are ordered by a fuzzy preference relationship, where a label s; is preferable to
another s; to a certain degree that varies between 0 (s; is not preferable at all to s;) and 1 (s; is
at least as preferable as s;), 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.

The rest of the paper is structured as follows. Section 2 presents the proposed method for
approaching the prioritization process. Therein, subsection 2.1 introduces the Fuzzy Linguistic
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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 of study used
to test the approach. 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

The method presented in this article 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 Vs;, s; € S, s; > s; — ¢ > j. The semantic of each linguistic term s; is given
by the ordered structure. For example, S! = (Low, Middle, High).

One benefit of the ordinal fuzzy linguistic approach used in this method is, first, its simplicity,
since this technique acts directly taking into account the order of the labels in .S, and second,
the fact that linguistic assessments are approximations that are handled when it is impossible or
unnecessary to obtain more accurate values [11] . Thus, it is natural for the experts to provide
evaluations for each requirement on each evaluated dimension using this tool, without focusing
in selecting a numeric value.

Given F, 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
OPIXIDI where each O (I, m) € S represents the opinion of expert e, € E about the dimension
dm € D evaluated on the requirement p; € P.

Additionally, each expert e € F 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 priorization process.

2.2. Aggregation

In order to aggregate the | E| aforementioned experts’ opinions, an Induced Ordered Weighted
Averaging Operators (IOWA) is used to generate a single general matrix with the combined
opinions of all the experts. More specifically, in this work the majority guided linguistic IOWA
(MLIOWA) operator proposed in [11] 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. Nonetheless, it is important to note that any other IOWA operator with similar
characteristics can be used.

First, let Neg, M ax and M1in be a negation operator and two comparison operators respec-
tively, defined on a linguistic set S = {s1,s2,..., 5|5} as follows:

Neg(si) = 8|5)-i+1 (1)
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Mazx(si, 5;) = Smaa(ij) (2

Min(si, 8j) = Smin,j) 3)

The MLIOWA operator is a function <pé2 : (S x S)IEl — S, defined as follows, where I is the
vector of importance related to the experts, and () is a linguistic fuzzy quantifier representing
the concept of majority in the aggregation:

@IQ((Ilapl)"" (g piE|) = Sk (4)
with s;, € S and:

|E]|

k= Tound(z wj - ind(po(s))) (5)
i=1

such as:

1. ind: S — {1,...,|S|} such that ind(s;) =i

2. 0 :{1,...,|S]} — {1,...,]|S]} isa permutation such that u,(; 1 1) > Uy (i), Vi = 1, ..., |E|—
1.

3. the order inducing values u; are calculated using the importance degrees I; as shown in
equations 6 and 7.

_ sup; +ind(I;)

= 2P ©
ZE|: ’ {1 if [ind(I;) — ind(I;)| < a € {1,...,|S|} )
sup; = SUP;;|SUpP;; = .
= 0 otherwise

4. and, lastly, the weighting vector w calculated using the order inducing values as shown
in equation 8.

- ®)
Y Q <|E“|’)

For further information about the MLIOWA operator see the original publication [11].
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2.3. Prioritization algorithm

In a previous work, an algorithm for multi-criteria requirement prioritization was presented
[12]. In this work, a variation of that work that uses only linguistic labels and includes multiple
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 OPIxID, just as was defined in 2.1, and also
given an expert importance degree vector I € S!¥! and a criteria weight vector p € SI”!, 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 O; and the experts importance degree vector I,
producing a matrix MP1*IP! with the aggregated experts’ , where each m;j € S represents the
aggregated opinion of the set of experts about requirement p; € P in relation to the dimension
dj eD.

The next step is to build a comparison matrix for each dimension using as input the matrix M.
For a specific dimension d; € D, the comparison matrix C% represents the fuzzy preference
relation Rdj C P x P, where ugp 4 defined as shown in equation 9, is the degree to which the

requirement p; € P is at least as good as p € P according to the criterion d;.

1 if ind(m;;) > ind(mu;)
d 0 if ind(m;;) < ind(myg;) — B
i = Hra, (PisPr) = , _ (m45) (r15) )
| — lind(my;) — ind(ms )| otherwise
p+1

with 8 € N,0 < 8 < |S]

Then, these preference relations represented by each comparison matrix need to be weighted
considering the criteria weight vector to obtain the pondered preference relations. To do this,
an implication approach similar to the one presented by [13] can be used according to equation
10,

. ind(p) .
Wi, (Pispr) = max(1 — 5| 1, (Pis i) (10)

Then, the global fuzzy preference relation R, is the intersection

D]
Ry = ﬂ Rgi
j=1
using the classic T-norm Min as shown in equation 11.
1R, (pis i) = glei%{up}{dj (pis )} (11)
The global fuzzy preference relation is used then to build a new relation: the strict global fuzzy

preference relation R;. The complement of uur, (p;, pr) (equation 12) represents the degree to
which p; does not dominate py, and can be used to calculate the degree to which an alternative
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p; is not strictly dominated by any other alternative. This last fuzzy relation is called fuzzy
non-dominance relation and is calculated as shown in equation 13 .

KR, (Pis pr) = max{ug, (pi, pr) — (R, (Pk, Pi), 0} (12)

KRy p (i) = H;ikn{l — R, (Pispr)} =1— H})%X{MRS (pi, i)} (13)

The best alternative pP € A is the requirement with the highest membership degree to the
fuzzy non-dominance relation Ry p. Also, when this value is equal to 1, the decision is said to
be non-dominated and non fuzzy.

[14] proposes using the non-dominance fuzzy set to make the prioritization, but this may not
be appropriate if there are alternatives that are not strictly dominated by others. For example,
if there are 3 alternatives a, b and ¢, such that a dominates b, b dominates c and, transitively,

Algorithm 1: Proposed prioritization algorithm

Data: Linguistic label set: .S

Data: Set of requirements: P

Data: Set of dimensions or criteria: D

Data: Set of experts: E

Data: | E| experts’ matrices: M; € SIPI*IP|

Data: Expert importance degree vector: I € SIZ|

Data: Criteria weight vector: p € S DI

Result: Partial order of requirements

M = Aggregate experts’ matrices using MLIOWA operator;
M9 = Initialize the global fuzzy preference relation matrix ;
foreach d; € D do

C% = Build comparison matrix according to d; using M;

G R W =

C% = Ponderate dimension using p; according to equation 10;
Vi, k = {1, ..., | P|}, m$, = min(m$,, ) ;
end
order = ();
position = 0;
10 while P # () do
11 C*® = Build strict comparison matrix using C'Y according to equation 12 ;
12 N D = Build the non-dominance vector using C'* according to equation 13 ;
13 pNP = Get the requirements with the highest non-dominance value ;
14 position = position + 1;
15 | Orderposition = PV 0;
16 Remove the requirements pN D from P and from C9;

O 0 N

17 end
18 Return Order;
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a dominates ¢, b and ¢ would have their membership degree equal to 0 making them equally
preferable according to [14], which is not true.

In order to solve this problem, the most preferable solutions p™* 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 possible 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 order to classify the alternatives considering the stakeholders’ , 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.

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 [15]. The dataset is comprised of 5 experts’
opinions about 10 requirements related to a Content Management System (CMS) (see Table 1)
evaluated on 3 different dimensions (Complexity, Reusability and Importance). The requirement
set, the dimensions and the first expert evaluations were obtained from [12, 16] (see Table 2).
The rest of the opinions were generated arbitrarily.

An implementation of this method is publicly available in [17], as well as all the data used
for this experiment.

Firstly, in all the cases the fuzzy linguistic labels used was the following:

S = (s1: “Very Low”, s3 : “Low”, s3 : “Middle”, s4 : “High”, s5 : “Very High”)

Additionally, the expert importance degree vector I and the criteria weight vector p used are
the ones described below:

Table 1
Requirement set used in the proof of concept.

ID Requirement description

Customize the User Interface.

Add Content Editor and content approver role.
Provide a portal to the Content provider with options.
Email notifications to be sent to content provider.
Conversion of the content to Digital format.

Quality check of the content.

Check Content format.

Apply security over the content.

Create package.

Create poster for advertisements.

O 00NN U W N =

—_
[«=}
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Table 2
Example of one of the experts’ opinions matrices used in the proof of concept.

Requirement Complexity Reusability Importance

1 Middle Low High
2 Middle Very High  Very High
3 Very High Middle High
4 Very Low Very Low Very Low
5 Middle High High
6 Very High  Very High High
7 Low Low Low
8 Very Low Middle Very Low
9 Very Low Low Low
10 Low Very Low Very High

I =(iy : “Middle”, ig : “Very High”, i3 : “Middle”, 74 : “Middle”, i5 : “Middle”)
p =(Complexity : “Very High”, Reusability : “Middle”, Importance : “Middle”)

Using the aforementioned input, the first step of the algorithms aims to aggregate the
experts’ into a single general matrix. To do this, the MLIOWA operator is used. Hereunder, the
calculations for the element 11 are presented as an example, corresponding to the requirement
1 and the criterion “Complexity”, being the experts’ for this pair the following:

(e1 : “Middle”, es : “Middle”, es : “Low”, e4 : “High”, e5 : “Middle”)

The support sup; for each expert importance degree was calculated according to equation
7, considering o = 1, getting the vector sup = (4, 1,4, 4,4) as result. The first element of the
vector was calculated as follows, and the rest of the elements were calculated equally.

5
sup1:Zsup1j:1+0+l+1+1:4
j=1
The next step aims to get the order inducing value vector u, calculated as follows according
to the equation 6.

44+3 1+34+24+44+3
27 27 27 27 2
The vector u induces the order shown in Table 3 and allows to get the weights to weigh the
experts’ 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.
Lastly, the experts’ were aggregated according to the induced order using the weights calcu-
lated before, as follows:

u=(

) =(3.5,2,3,4,3.5)
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Table 3
Induced order and weights

o Expert u 18] w;

1 e4 4 1 0.294
2 el 35 0.8 0.235
3 es 35 0.8 0.235
4 e3 3 0.6 0.176
5 €2 2 0.2 0.059

5
k= round(z w; - ind(ps,))
=1

k =round(0.294 - ind(“High”) + 0.235 - ind(“Middle”)+
+0.235 - ind(“Middle”) + 0.176 - ind(“Low”) + 0.059 - ind(“Middle”))
k =round(0.294 - 4 +0.235 -3+ 0.235- 3+ 0.176 - 24 0.059 - 3)

k =round(3.115) = 3

Then, the aggregated value for the requirement 1 evaluated on the criterion “Complexity” is
sz : “Middle”. The whole aggregated matrix is shown in Table 4.

After aggregating the experts’ opinions, the comparison matrices for each dimension were
calculated using equation 9 (with 8 = 1)and then weighed using the equation 10 with the
vector p. 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 below:

Table 4
Matrix of aggregated experts

Requirement Complexity Reusability Importance
1 Middle Low High
2 Middle Very High  Very High
3 High Middle High
4 Very Low Very Low Very Low
5 Middle High High
6 Very High  Very High High
7 Low Low Low
8 Very Low Middle Very Low
9 Very Low Low Low
10 Low Very Low Very High
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Table 5
Algorithm iterations for requirements prioritization. An x shows the requirements that were excluded
in the previous iterations.

Iteration / Order Non-dominance vector Non-dominated requirements
1 (0.0,0.5,0.4,0.0,0.0,1.0,0.0,0.0,0.0,0.4) {6}
2 (0.4,1.0,0.9,0.0,0.5, x,0.0,0.0,0.0,0.4) {2}
3 (0.4, x,1.0,0.0, 1.0, x,0.0,0.0,0.0,0.5) {3,5}
4 (1.0, %, x,0.0, x, x,0.4,0.5,0.0, 1.0) {1,10}
6 (X, X, %,0.5, X, X, X, X, 1.0, X) {9}
7 (X, X, X, 1.0, X, X, X, X, X, X) {4}

1 4 5 1 4 0 1 5 1 .5

11 5 1 1 0o 1 1 1 1

1 4 1 1 5 4 1 1 1 .5

o 0o o0 1 0 0 .5 .4 .5 .4

Complexit Reusabilit Importance i 5 5 1 1 0 1 1 1 .5

MY =C Py no YnomP = i 5 1 1 1 1 1 1 1 .5
4 4 0 1 4 0 1 5 1 .4

o0 0 o 1 0 0 5 1 .5 .4

o 0o o 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 iterative 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.

C* =

coocOoRrmOuae o
cCoocOopmoo0oOoOo
00005000 O
oo R RO
COO0OOHOOO ;MmO
coocococooooOoO
LoOoCOoOFRLOF oo
COO0ORRFRORKHR
PO O R ROR KRR
coocourRrPuoo

The results are consistent with the results obtained in [12]: when the of a single expert are
provided, the two methods are equivalent.

4. Related work

According to [18], only a small number of articles uses fuzzy logic for requirement prioritization
in software engineering. These studies differ from our proposal as describe here under.

[19] suggested a framework that uses fuzzy linguistic terms parameterized using fuzzy
numbers. In contrast, our methods 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,
our method allows to integrate multiples , which is not considered in the previously mentioned
proposal. This also occurs in [20]. The authors designed a method for requirement prioritization
easy to use and implement but do not consider multiple experts’ .
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On the other hand, [21] considers the opinion of multiple stakeholders parameterized with
triangular fuzzy numbers as in [19] but do not consider multiple objectives or criteria as our
method does.

Then, [22] 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.

Lastly, [23] focuses on predicting changes in requirements priority, which is especially useful
in software engineering groups that use agile methodologies.

To sum up, the algorithm proposed in this article allows the user to generate a partial order
of a set of requirement based on multiple experts’ opinions with different importance degrees
on multiple criteria, that also are weighed. Moreover, the proposed method 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 provided
in [17], making it highly applicable in the industry, which is a common limitation remarked in

[18].

5. Conclusion and future work

This work presents a new method for requirement prioritization that uses as input 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 dimension, 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 weak 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, but a more
rigorous empirical study is needed to determine how the proposal works in a real context with
real users.

Finally, it is important to remark that some improvements can be made, including allowing
the experts not to give an opinion for all the evaluated dimensions, considering consensus
metrics in the prioritization process, using and comparing other IOWA operators, using and
comparing others T-norms such as Lukasiewicz’s T-norm, and using a different linguistic label
set for each dimension.
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