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Abstract—Deciding which, among a set of requirements, are to be considered first and in which order is a strategic process in
software development. This task is commonly referred to as requirements prioritization. This paper describes a requirements
prioritization method called Case-Based Ranking (CBRank), which combines project’s stakeholders preferences with requirements
ordering approximations computed through machine learning techniques, bringing promising advantages. First, the human effort to
input preference information can be reduced, while preserving the accuracy of the final ranking estimates. Second, domain knowledge
encoded as partial order relations defined over the requirement attributes can be exploited, thus supporting an adaptive elicitation
process. The techniques CBRank rests on and the associated prioritization process are detailed. Empirical evaluations of properties of
CBRank are performed on simulated data and compared with a state-of-the-art prioritization method, providing evidence of the method
ability to support the management of the tradeoff between elicitation effort and ranking accuracy and to exploit domain knowledge. A
case study on a real software project complements these experimental measurements. Finally, a positioning of CBRank with respect to
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state-of-the-art requirements prioritization methods is proposed, together with a discussion of benefits and limits of the method.

Index Terms—Requirements management, requirements prioritization, machine learning

1 INTRODUCTION

THE problem of prioritizing software requirements
amounts to ranking a set of desired functionalities and
features of the intended software along one or more concerns
such as business aspects (e.g., market competition or
regulations, customer satisfaction) or technical aspects (e.g.,
development costs or risks).

Requirements prioritization plays a crucial role in
software development, and in particular it allows for
planning software releases, combining strategies for budget
management and scheduling, as well as market strategies.
It is, in fact, considered a complex multicriteria decision-
making process.

State-of-the-art approaches [21], [30], [32], [37] tend to
share a common model for this process, which consists of
the following steps.

1. The definition of a target criterion for ordering.
The specification of requirement attributes to encode
the chosen criterion.
3. The acquisition of specific values for those attributes,
for all requirements under consideration.
4. The composition of rankings induced by require-
ment attributes associated to the target criterion.
More precisely, the first step is concerned with the
selection of the most appropriate prioritization criterion
according to specific strategic goals, such as reducing the
development costs or minimizing the overhead of bug
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fixing. The identification of requirement attributes in the
second step is performed in a way to define univariate
ranking functions on the requirements set. For example,
with reference to the goal of reducing development costs
and the choice of “development cost” as a target ranking
criterion, requirement attributes such as the estimated
number of “lines of code” or of “components” are suitable.
The third step, namely, the acquisition of attribute values
over the set of requirements, usually represents the most
expensive task in the prioritization process since it rests on
the availability of expert knowledge or on the elicitation of
evaluations from stakeholders. Since a target criterion might
be encoded by manifold attributes and each attribute
induces a ranking of the requirements set, the fourth step
is concerned with the composition of the different attribute-
based rankings into a global ordering corresponding to the
target criterion. This composition is usually defined in
terms of a weighted aggregation schema.

The widespread use of such a process model for
requirements prioritization is also confirmed by a survey
review that considered more than 200 papers in the field of
requirements prioritization for benefit and cost criteria [12].
The assumption underlying the analyzed approaches is that
the ranking criteria, the requirement attributes, and the way
to compose them in case of multicriteria ranking can be
defined independently of the nature of the current set of
requirements under evaluation. In other words, they adopt
an ex-ante perspective about the requirements prioritization
problem which prevents exploiting available knowledge on
the project’s application domain. In contrast, an ex-post
perspective will enable the exploitation of this knowledge
through a prioritization process that is built on the actual set
of requirements under evaluation and will lead to a different
realization of steps 2 to 4. Namely, project stakeholders are
asked to perform a pairwise comparison of the current
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requirements, allowing them to decide which requirement is
to be given a higher rank between two alternatives without
the need to identify a specific requirement attribute to
encode the evaluation criterion adopted by the stakeholder.
So, for instance, the users of an e-voting system may be asked
to decide which of the requirements “Graphical layout of the
voting form” and “Getting audio feedback during the voting
procedure” is more important (this evaluation will be
repeated for different requirement pairs).

The difference between ex-ante and ex-post approaches
can be summarized as follows. While in the ex-ante
perspective the target criterion is chosen in advance, in ex-
post approaches project stakeholders are required to
evaluate pairs of requirements along an underlying target
criterion. Consequently, requirements ranking is not com-
puted from the values of requirement attributes, but it is
derived from the priority relations that are elicited directly
from stakeholders, who may take into account implicit
information that might not have been preliminarily en-
coded as requirement attributes. The composition of
rankings in case of multistakeholder prioritization is
provided as instances (examples) of pairwise priority
relations and not as the result of the application of an
analytical composition schema. An interesting advantage of
eliciting input regarding relative values rather than absolute
values for attributes is that the noise on the input is
recognized to be lower.

The ex-post perspective derives from the problem solving
paradigm known as case-based reasoning [1], according to
which a solution to a new problem is inferred from
examples of solutions to similar problems.

The Analytical Hierarchy Process (AHP) [35] can be
considered the reference method among those which
are based on the case-based paradigm. In this method, the
ranking criteria are defined upon an assessment of the
relative priority between a couple of requirements, ex-
pressed by project stakeholders. This assessment encom-
passes all possible pairs of requirements. The effort required
by the human evaluator when pair preferences are elicited
grows rapidly with the number of requirements since the
number of pairs grows quadratically.

This makes AHP difficult to use with large sets of
requirements, a problem that is typically dealt with by
defining ad hoc heuristics for deciding when the pair
preference elicitation process can be stopped without
compromising the accuracy of the resulting ranking.' This
may be a main reason for ex-post approaches being less
commonly used than ex-ante approaches in requirements
prioritization practices.

Analogously to AHP, in our work we follow an ex-post
perspective to the requirements prioritization problem and
propose a method called Case-Based Ranking (CBRank from
now on). Differently from AHP, CBRank adopts a highly
flexible preference elicitation process which rests on the
following basic properties. First, it allows for combining sets
of preferences elicited from human decision makers with
sets of preferences, which are automatically computed

1. Notice that AHP has also been exploited as single-criterion require-
ments ranking in ex-ante approaches [23]. In these cases, the evaluator was
chosen in such a way that she/he could use the preassigned criterion to
evaluate the requirement pairs.

through machine learning techniques. These techniques
exploit knowledge about (partial) orders of the requirements
that may be encoded in the description of the requirements
itself (i.e., in terms of the actual requirement attributes),
thus enabling what we call domain adaptivity. This accounts
for the straightforward applicability of CBRank to different
application domains and for the fact that the accuracy of
machine-estimated ranking increases with the level of
significance of the encoded domain knowledge.

Second, CBRank is organized according to an iterative
schema which allows for deciding when to stop the
elicitation process on the basis of a measure of the tradeoff
between the elicitation effort and the accuracy of the
resulting ranking. With a reasonable effort, the method
can be applied up to 100 requirements.

The objective of this paper is to offer a detailed and
comprehensive presentation of the CBRank method,
providing:

1. a formal definition of the prioritization problem it
solves,

2. an intuitive description of the machine learning
technique it is based on and a characterization of the
prioritization process supported by CBRank,

3. a comprehensive overview of the empirical mea-
surements which have been performed to assess key
properties of the method, and

4. a positioning of CBRank with respect to state-of-the-
art requirements prioritization methods.

The description of the empirical evaluations conducted on
CBRank points out the different empirical study techniques
that have been applied. In summary, by simulating the
prioritization process we collected experimental data at
support of the analysis of the effort versus accuracy tradeoff
and of the domain adaptive property of the CBRank method.
Preliminary results have been presented in [4], [5], and [6]
and data from new simulations are discussed in this paper.
We investigated the effectiveness of the domain adaptivity
property of CBRank when used in a real case study. This
empirical study complements the previous experiments that
are based on simulated prioritization processes. We exe-
cuted a controlled experiment with 23 subjects aiming at
comparing two tool-supported versions of CBRank and AHP
with respect to ease-of-use of the methods, time-consump-
tion for performing the prioritization task, and accuracy of
the resulting ranking. In this paper, we briefly recall the
main result of this experiment and refer the interested reader
to [33] for a full description.

The paper is structured as follows: Section 2 defines the
ranking techniques and the prioritization process of
CBRarnk, Section 3 gives an overview of the set of empirical
studies that have been performed on CBRank and defines
the variables that are used to characterize the method’s
properties, among them, the disagreement between the
computed ranking approximation and the target ranking,
which is used to measure the accuracy of the ranking
obtained applying the method. The experimental studies
carried out to evaluate the effort versus accuracy tradeoff
and the domain adaptivity property of CBRank are then
recalled along with their design, execution, and the analysis
of the results in Sections 4 and 5, respectively. The new
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empirical study performed on a case study extracted from a
real project devoted to the development of an e-voting
system is illustrated in Section 6. Related work and
positioning of CBRank with respect to state-of-the-art
prioritization methods and techniques is presented in
Section 7 and complemented with a discussion about the
advantages and the limits of CBRank in Section 8. Finally,
Section 9 concludes and outlines future work.

2 THE CAse-BAseD RANK METHOD

The CBRank method rests on a framework, first introduced
in [7] and [8], which supports decision-making for ordering
a set of items, e.g., product features or software require-
ments. The framework provides an iterative prioritization
process that can handle single and multiple human decision
makers (stakeholders) and different ordering criteria. A
peculiarity of this framework is the use of machine learning
to reduce the elicitation effort, that is, the amount of
information required from stakeholders, for achieving
rankings of a given quality degree. Besides the problem of
requirements prioritization [4], [5], [6], the framework has
been applied to the problem of prioritizing test cases in
software testing [38].

In order to illustrate CBRank, we first define a set of basic
concepts that help describe the prioritization process, then
we introduce the specific machine learning techniques it is
based on in terms of an algorithmic procedure that we
apply to a toy example to give an intuitive account of how
the algorithm works.

2.1 Concepts
We consider a finite collection of Requirements
Req = {ry,...,m,} that has to be ranked, and for it define

the Universe of pairs as the set of requirement pairs
U={(r;,r;);i < j}. We call the order relation between
two requirements that can be elicited from a decision maker
(e.g., a stakeholder) Priority. We define it formally in terms
of the function ¢(r;,r;), where ¢ : U — {—1,0,1}, with the
following meaning for its values:

s if Tj < T,
QZS(T‘ T_) _ 17 if r, < Tj,

v 0, if there is no order preference
between r; and r;.

(1)

An Unordered Requirement Pair is a pair of requirements
(ri,rj) the decision maker has not yet assigned a priority,
that is, its priority is unknown. While describing the
prioritization process we need to consider the set of Ordered
Requirement Pairs at a given process iteration 7, namely,
&, = {(ri,7j);1 < jlo(ri, ;) # 0}. The set changes monoto-
nically upon subsequent process’ iterations so that the
following property holds: ®, C ®,;.

We define Ranking Functions to be the rankings derived
by the attributes of each requirement, such as the
estimated cost for its implementation or importance for
the user. These orderings can be conceived as the set of
ranking functions F = {fi,...,fi,...,fm}, where f; is

2. The < symbol between r; and r; indicates that the element at the left
(r;) is preferred to the element at the right (r;).

defined as f;: Req — IR (R=RU{L}) and fi(r;) > fi(r))
means that r; is preferred to r; according to the Ith attribute,
while fi(r)=_1 if r is unranked with respect to the
lth attribute.

The Target Rank represents the “ideal” preference
ranking on a given set of requirements (that—in real
settings—is generally not known). Formally, the target rank
can be conceived as a function K : Req — IR, where r; has a
lower rank than r;, by K, if K(r;) < K(r;).

We define Final Approximated Rank as the rank produced
as output by the CBRank process. It is an approximation of
the Target Rank K. Formally, the approximated ranking is a
function H : Req — IR, where r; has a lower rank than r;, by
H, if H(r;) < H(r;). We also define H, as the Approximated
Rank, at process iteration 7, as o, : Req — IR, where r; has a
rank lower than r;, by o, if FIT(T,;) < H'T(rj), and H, = H
when 7 corresponds to the last process iteration, 7= ©.
Further concepts are needed to define heuristics for the
selection of pairs that are worth being evaluated, namely,
the concept of Density function, which is related to the
definition of elicited pairwise preferences, ®, and the
concept of ranking error that we will call rloss.

The density function is defined as D : Req x Req — IR or,
in terms of the elicited pairwise preference function, ®, as

D(ri,rj) = v - maz({0, B(ri,m)}). (2)

v is a positive constant chosen in such a way that D is a

distribution, which satisfies the following normalization
property:

> D(ri,rj) =1. (3)

T,

Given the function H, the ranking loss rloss is defined as
follows:

rlossp(H) = D(ri,rj)[H(r;) < H(ri)], (4)
where [[H(Tl) < H(TL)]] =1 if H(T’}) < H(Ti)
H(r;) < H(r;) is expected), 0 otherwise.

Givenapairry, rj, the pairis said tobe critical if & (r;, ;) > 0
so that the pair gives a nonzero contribution to D.

(when

2.2 The Prioritization Process

The CBRank requirements prioritization process interleaves
human activities with machine computation. The process is
sketched in Fig. 1, where three steps are represented as
rounded corner rectangles. The basic artifacts in input and
output (see dashed arrows) are: the set of Requirements
(Req), the decision maker’s Priorities (®,), the set of
Ranking Functions (F), encoding the requirement attri-
butes, and the Approximated Rank (H.) or the Final
Approximated Rank (H) when 7 corresponds to the last
process iteration. Additional artifacts are produced by
internal activities of the process’s steps, namely, the set of
Sampled Requirements Pairs (a subset of U \ ®,) that is the
set of requirements pairs for which the end user preference
is unknown and that have been selected for the following
priority elicitation. The set of Ordered Requirements Pairs
is a set of requirements pairs ordered by the decision
makers (the subset @, \ ®,_1).
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Fig. 1. Basic steps of the requirements prioritization process in CBRank.

The process is based on © iterations of the three steps,
which are herein detailed.

1. Pair Sampling. An automated procedure selects from
the set of Requirements a set of Sampled Require-
ments Pairs whose relative preference is unknown
(i.e., Unordered Requirement Pairs, as defined in (1)),
according to a sampling policy. A sampling policy
can be a random choice or it may take into account
the rankings computed in the previous iteration.®

2. Priority Elicitation. This takes the collection of
Sampled Requirements Pairs produced by the Pair
Sampling step in input and produces as output a set
of Ordered Requirements Pairs on the basis of the
Priorities expressed by a decision maker.

3. Priority Learning. Given a partial elicitation of the
stakeholder priority and eventually a set of Ranking
Functions, the learning algorithm produces an
approximation of the unknown preferences and
then the correspondent Approximated Rank for the
requirements.

The Approximated Rank, that is, the output of the
process, represents an approximation of the exact ranking
and may become the input for a further iteration of the
process. If the result of the learning step is considered
accurate enough (or time to input preferences runs out), the
iterations stop and the process gives the last approximated
rank (Final Approximated Rank) as output.

Notice that the first and the third steps of the process are
automatic. Concerning the second step, we will assume—for
simplicity—that the preference elicitation is monotonic (i.e.,
the decision maker does not evaluate the same pair twice).

Using the concepts introduced in the previous section,
the entire prioritization process can be conceived as an

3. Examples of sampling policies could be that of selecting pairs of
requirements that appear in the first part of the computed rankings in order
to improve accuracy there, or pairs including a requirement taken from the
first half of the current ranking and the other from the second half, with the
purpose of checking the correctness of their relative position in the actual
ranking [7].

approximation problem where, given a finite set of
requirements Req and a set of pairwise priority relations
between requirements of the kind r; < r; specified by the
stakeholder, the challenge is to learn the Final Approximated
Rank H(r) such that Vr,,r; we have H(r;) > H(r;) if
K(r;) > K(rj), where K(r) is the unknown target prior-
itization ranking (Target Rank). The objective is twofold: to
minimize the elicitation effort, while reducing the disagree-
ment between the target (K) and the approximate rank (H).

2.3 The Priority Learning Techniques

The Priority Learning step produces an approximation of a
preference structure, adapting the boosting approach
described in [15] and [16]. The boosting method is able to
produce highly accurate prediction of the rank by linearly
combining many partial orderings which may be moder-
ately accurate.

In the rest of this section, we give an intuitive description
of the boosting approach by sketching the RankBoost
algorithm, given as pseudocode in Algorithm 1, and
simulating its execution on a toy example.

Algorithm 1. A sketch of the RankBoost algorithm
Input
Req={ri...rn}
The set of requirements
F={fi...f¥}
Partial orders defining priorities and constraints
upon Regq
® = {(ri,ry);i < jlo(ri,r;) # 0}
A subsample of elicited pairwise preferences
Output
H(r) (H : Req — R)
A ranking function defined upon Req
Begin
1: W = initialize (D)
Uniform weighting of elicited pairs ®
2: T = maxNumberOfCycles
Definition of parameter for the number of
learning cycles
Fort=1To T
hi(r) = LearningWeakClassifier(Req, ®, F', W)
Training a weak (e.g., binary) classifier with
respect to a weighted set of pairs and most
promising f € F'
5: oy = ComputeAlpha(hy, W)
Computation of the coefficient for the linear
combination of weak classifiers
6: W = WeightingCriticalPairs(®, W, hy)
Weighting of elicited pairs ® according to
misclassification error of h;

7: Endfor

8: H(r) =Y/ awhy(r)
Synthesis of ranking function as composition of
weakbinary classifiers

9: return H(r)

End

The algorithm RankBoost performs T cycles; it takes the
set of ranking functions F' in input and gives as output the
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final ranking hypothesis H in the form of a linear
combination of partial order functions h; : Req — IR with
a set of coefficients a = {a1,...,a,...} (where t is the cycle
index).

The basic cycle t performs the three steps described
below.

e Computes a partial order h; : Req — IR, called weak
classifier, on the basis of the set of requirements
Req, the set of the elicitedPairs ®, the Ranking
Functions F, and the set of criticalPairs W eventually
identified in the previous cycle and that have to be
considered by the procedure to minimize the error
of the classifier to be computed with respect to user
preferences and ranking attributes. Several possible
kinds of weak classifiers can be considered for
partially ordering the set of requirements; in our
experiments we refer to the h(t) as described in [15]
and [16]; it is a binary classifier that produces a
dichotomy, in every cycle ¢, on the sets of require-
ments and defines a precedence relationship among
the resulting subsets.

e Computes a value for the parameter «,. This value is
chosen to minimize the error between H, the user
preferences, and the functions F.

e Computes the set of critical pairs W which is passed
on to the next cycle of the procedure to compute the
partial order h:;; in such a way as to minimize the
final ranking loss with respect to user preferences
(elicitedPairs) and Ranking Functions F. An example
of how to compute the set W of critical pairs is that
of updating the values of the distribution D,
assigning high values to pairs that have not been
correctly classified by the function h, with respect to
user feedback ®. These pairs should be correctly
ordered in the next cycle of the algorithm when h;1;
is computed.

2.4 Example

An intuitive comprehension of the learning process can be
achieved by applying the algorithm to a toy example, step by
step. Let us consider a prioritization problem defined over a
set of four requirements Req = {ry, 72,73, 74}, where a couple
of ranking attributes and the associated functions are given
F = {f1, f>}. The first ranking function, which is defined as
follows, fi(r3) =1, fi(r:) =2, fi(r1) =3, and fi(r4) =4,
introduces a priority relation where ry <7 <7y <r3; in a
similar way, the second ranking function is defined as
fa(r1) =1, fo(rs) =2, fo(ry) = 3, and fa(r2) = 4, according to
the following priority relation: ry <7y <73 <r;. Let us
suppose that the decision-maker accomplishing the prefer-
ence elicitation task has considered the pairs (rq,72) and
(ro,m4), producing a subsample of the priority relation,
namely: ® = {ry < 71,74 < 72}. Let us suppose that the above
defined Reg, F, and ® are given as input to the RankBoost
algorithm sketched above, and simulate the execution of the
numbered steps as follows:

Initialization—Algorithm 1: lines 1-2. At the beginning all
elicited pairs ¢ are considered equally important, i.e.,
w2 = way = 0.5, where w; ; corresponds to the weight for
the elicited preference on the pair (r;, ;). Moreover, for the

purpose of this example, let’s consider two iterations of the
inner loop, i.e., the number of cycles: T = 2.

Inner loop—Algorithm 1: lines 4-6, first iteration: t = 1. The
step at line 4, is devoted to making a hypothesis for a weak
learner. Here it has chosen an instance-based approach
and—for the sake of simplicity—considered one of the
ranking function as weak classifier; therefore h; might be f;
or fy. The choice will be driven by the criterion of loss
minimization. For h; = f;, the loss is computed as
wy g - Loss(r1,7m9) + waa - Loss(ry, ), where Loss(ri,rs) =
f1 (7‘2) — fl(’l“l) = -1 and LOSS(T‘27T4) = f1 (7‘4) — fl(’f’g) =2.
On the other side, for hy = f, the loss is Loss(ry,re) =
fa(re) — fa(r1) =3 and Loss(ry,m4) = fo(rs) — fo(ra) = —1.
Since the loss for the hypothesis h; = f; is lower than
h1 = fa, 0.5 versus 1, respectively, the chosen weak learner
corresponds to the attribute f;. The step at line 5 computes
coefficients for the linear combination of weak classifiers. As
a simplifying assumption, the expression «(t) =1/t is
chosen and, for the first cycle, this amounts to
a(t = 1) = 1. Finally, the step at line 6 updates the weighting
schema. Since the loss on pair (r2, ry) is higher than (r,72),
the weights are revised accordingly: w; 2 = 0 and w4 = 1.

Inner loop—Algorithm 1: lines 4-6, second iteration: t = 2.
During the second cycle ¢t = 2 the step at line 4 computes the
weak learner hy with reference to the pair (r2,r4) only. The
computation of the loss is restricted to one pair only: f; :
Loss(ra,ry) = fi(ry) — fi(re) =2 and  fo: Loss(ry,ry) =
fa(rs) — fa(ra) = —1. The best hypothesis for the weak
learner is hy = f, and the composition parameter a(t = 2) =
0.5 (step at line 5).

Final Step—Algorithm 1: line 8. The ultimate step is the
aggregation of weak learners to synthesize the final
approximation of ranking function: H = ajhi + aghy =
1-fi+0.5- fo. The application of such an H to our set of
requirements Req gives H(ri) = 3.5, H(r2) =4.0, H(rs) =
2.0, and H(ry) =5.5, corresponding to the following
priority relation: ry <7y <7 < 3.

The example shows how the learning algorithm com-
putes a priority relation for the whole set of requirements,
although not all of them have been analyzed by the
decision-maker, namely, ;.

3 EMPIRICAL EVALUATIONS

The evaluation of prioritization methods is not a straight-
forward task. Although the empirical evaluation can be
carried out by controlled experiments with real subjects or
by simulations with artificial data and virtual subjects, both
approaches suffer from specific limitations. A main limit of
the former is the lack of ground truth, namely, the target
rank, which prevents a quantitative measure of the quality
of the resulting priority rank; in the latter, the lack of real
subjects does not allow for taking into account nondeter-
ministic factors of real world settings.

For a comprehensive empirical assessment of the proper-
ties of CBRank and to limit the weaknesses intrinsic to the
evaluation approaches mentioned above, we used different
evaluation settings: simulations with synthetic data and a
case study with stakeholders. A summary of the empirical
evaluations described in this paper is given in Table 1. They
are characterized in terms of the main goal of the
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TABLE 1

Overview of Empirical Measurements Performed on CBRank

Experiment 1 Experiment 2 Experiment 3
Section 4 Section 5 Section 6
Goal Analyze the effort vs. accu- | Analyze the domain adaptiv- Analyze the domain adaptiv-
racy trade-off for two dif- | ity property of the CBRank | ity property of the CBRank on
ferent prioritization methods: | method, also with some com- | a real case study
CBRank and AHP parisons with AHP
Independent Prioritization methods: | Prioritization methods: | The tool-supported
variable CBRank; AHP (with local CBRank; AHP. Different prioritization method CBRank
stopping rule [22]) sets of attributes  (with (SCORE)
non-projective and isotone
ordering with respect to the
target ranking)
Dependent Elicitation effort (measured as Elicitation effort (measured as Elicitation effort (measured
variables number of —or percentage | number of —or percentage | as percentage of requirement
and of— requirement pairs prefer- | of— requirement pairs prefer- | pairs preferences); accuracy
measures ences); accuracy (measured in ences); accuracy (measured in (measured in terms of
terms of disagreement) terms of disagreement) partition- disagreement)
Empirical Simulation with synthetic | Simulation with synthetic | Case Study: e-voting sys-
Study data; set of req. of size 25, | data; set of req. of size 25, | tem; subjects: 6 project’s
Approach 35, 50, 75, 100 35, 50, 75, 100 stakeholders; 46 requirements
concerning voting operations;
management; and definition of
the voting procedures

experiment, independent, dependent variables, empirical
evaluation approach, and other factors, following empirical
study terminology [42].

The goal of Experiment 1 concerns the analysis of effort
versus accuracy tradeoff, which becomes relevant when the
number of requirements increases, while Experiments 2 and
3 aim at investigating domain adaptivity property of the
CBRank method, which refers to the capability of the
method to exploit the knowledge encoded in the require-
ment formulation.

In Experiment 1, we evaluate CBRank through experi-
ments based on simulations of the requirements prioritiza-
tion process over problems whose complexity is varied
along the following dimensions: number of the require-
ments to be prioritized, number of pair-preferences to be
elicited from stakeholders, and accuracy of the resulting
prioritization. Comparisons with a state-of-the-art method
such as AHP and related extensions are conducted. The
ultimate goal is to investigate whether CBRank outperforms
the state-of-the-art solutions with respect to the tradeoff
between accuracy and elicitation effort.

With analogous experiments we evaluate the property of
domain adaptivity in Experiment 2. The research question
is to understand whether the performance of CBRank is
dependent not only on user behavior but also on the specific
instance of the requirement prioritization problem. Our
goal is to collect evidence that CBRank is able to exploit the
knowledge encoded in the requirement formulation, if any,
and to produce better results accordingly. We complemen-
ted the evaluation of domain adaptivity by a case study
with real stakeholders on a software project for e-voting in
Experiment 3.

Simulated experiments on effort versus accuracy tradeoff
and domain adaptivity are illustrated in Sections 4 and 5,
respectively, while the case study is described in Section 6.

A further empirical study on CBRank is reported in [33].
It consists of a controlled experiment devoted to the
comparison between tool-supported AHP and CBRank
along time-consumption, ease of use, and accuracy properties.

The results of this experiment show, in summary, that
CBRank overcomes AHP with respect to the first two
properties, while for the accuracy of the resulting ranking,
AHP performs better than CBRank, even if the resulting
ranks from the two methods are very similar. Moreover, the
majority of users found CBRank to be the overall best method.

3.1 Disagreement Measures

Details on the measures for the dependent variables of the
experiments are given here. The basic reference measure
consists of a quantitative assessment of the disagreement
between two order relations defined over the same set of
requirements.

Given two rankings for a set of requirements Reg, called
A and B, respectively, we define the disagreement on a pair
of requirements (r;,r;) (where r;, 7; € Req) as

1, A(ry) < A(ry)
A(’I“Z) > A(Tj)

0, otherwise.

and B(r;) > B(rj)

dap(ri,rj) = and B(r;) < B(ry),

(5)

A comprehensive measure of disagreement can be
obtained by computing the pairwise disagreement over
the universe of requirement pairs. The total disagreement
(simply T'DA in the rest of the paper) of the two rankings A
and B is defined as

TDA(A,B) =Y das(ri,r)), (6)
U
and its normalized definition is

1
NDA(A,B) = mTDA(A, B), (1)
where the normalization factor ensures that NDA will
assume values between 0 and 1.
In some cases it might be helpful to adopt a weaker
measure to evaluate the relationships between partial
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orders. A partial order on a set of requirements Req can be
defined as a partition over a ranking function H as
H,: Req — P, where P={py,...,py} and r; has a rank
lower than r; if H,(r;) < Hy(r;). Given a partition H,, we
may consider that the universe of pairs is reduced to pairs
of requirements (r;,7;) such as Hy,(r;) # H,(r;) (that is, we
consider a representative requirement for each partition).
We denote with U, the resulting set of pairs, and with |U,|
its cardinality. Following these definitions, we may intro-
duce a measure of total disagreement between two order
rankings, A, and B,, defined on the partition P, as

TDP(Ay, B)) = da, 5, (ri,75), (8)
Uy

where dAP‘Bp(ri,rj) defines the disagreement on a pair, as
per (5), on the partition P. The normalized total disagree-
ment is defined as

L rpP(a,,B), ©)

NDP(AP7BP): ‘U|
p

where the normalization factor ensures that NDP will
assume values between 0 and 1.

Disagreement measures can be applied to compare
estimated and target ranks or between an attribute’s
ranking and a target rank. In the first case, the disagreement
measures the accuracy of the outcome of the prioritization
process. Lower values mean better ranking of requirements.
In the latter case, the disagreement provides a measure of
how much the ranks encoded by the attributes are close to
the target rank. Low disagreements denote easy prioritiza-
tion problems since the requirement representation already
encodes useful information to approximate the target rank.
When evaluating the effort versus accuracy tradeoff
property, we measure the disagreement between estimated
and target rankings, while when evaluating the domain
adaptivity property we use disagreement measures be-
tween attribute rankings and the target ranking.

4 EFFORT VERSUS ACCURACY TRADEOFF

4.1 Experiment Definition

This first experiment aims at investigating the tradeoff
between pairwise elicitation effort and ranking accuracy,
following the approach summarized in Table 1, column
Experiment 1. The variables evaluated in the experiment are
the accuracy of the final rank obtained with a specific
method, measured as disagreement with respect to the
target rank, and the elicitation effort, measured as the
number of elicited pairwise comparisons.

Trends of these two variables while the number of
requirements increases are also investigated. This analysis
is performed with both the CBRank and AHP methods.
Since AHP is known to be effective only for small sets of
requirements [35], we are interested in assessing whether
the advantage of using CBRank increases more than linearly
as the set of requirements becomes larger. In addition, the
comparison is extended to include a state-of-the-art im-
plementation of AHP which adopts some heuristics to
reduce the elicitation effort.

4.2 Experiment Execution

The investigation is performed on artificially generated sets
of requirements, which are obtained by applying the
following procedure. A given number of requirements are
defined with unique identifiers. Each requirement is
described by a set of attributes, which take integer values
in the range between 0 and the cardinality of the
requirement set. Attribute values are assigned in such a
way that each attribute induces a total rank over the set of
requirements. A total rank over the set of requirements is
generated as reference target rank, namely, K, which may
partially overlap with one of the ranks encoded by the
attributes. This procedure allows for parametric generation
of data set with an increasing number of requirements.

Following the steps of the CBRank prioritization process,
as depicted in Fig. 1, instances of this process are simulated
by applying the following procedures.

The first step of the prioritization process, which
concerns pair sampling, at the beginning aims to provide
a coverage of all requirements. The initial set of pairs is
defined in such a way that it has cardinality n/2 and that
each requirement r; € Req is a member of at least one pair
in the initial set.

The second step, namely, Preference elicitation, is the
only step that requires human input. We simulate
preference elicitation from decision makers as follows:
First, a subset of pairs (r;,r;) is selected from the
Cartesian product Reg x Req with the restriction that ¢ #
j and (r;,7;) # (rj,r;). The relative preference function
®(r;,r;) value is retrieved by directly sampling the given
target ranking function K. For simplicity we restrict the
simulation to a monotonic behavior, that is, we assume
that the simulated decision maker acts without giving
inconsistent answers during the process.

The third step invokes the RankBoost algorithm to
produce an estimate of the proper prioritization, H(r), fully
defined over the set Reg resulting in an approximated
priority rank.

For the comparative evaluations we also run an AHP-
based simulated prioritization process. In this case, the
candidate pairs of the set of requirements Req are generated
by exploiting a spanning tree (composed by n — 1 pairs), as
described in [22]. The preference elicitation step is simu-
lated following the same approach used in the case of
CBRank and the computation of the rankings is performed
through a procedure that implements the AHP algorithm
described in [35].

The experimental comparison between CBRank and
AHP has been conducted on sets of requirements with
cardinality n equal to 25, 35, 50, 75, and 100, respectively.
For each set of requirements, we run two prioritization
processes, one based on CBRank and the other on AHP. In
both cases, we computed the disagreement corresponding
to a given number of elicited pair preferences.

A second set of measurements focuses on the application
of the local stopping rule, which was proposed in [18] as a
means of determining when the ranking estimate computed
by AHP has reached an acceptable error threshold and new
pairwise comparisons are no longer needed.

Adopting the notation introduced in the previous
sections, the local stopping rule can be expressed as follows.
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TABLE 2
Disagreement for 25, 35, 50, 75, 100 Requirements, with
100 Elicited Pairs, Computed as Average on 10 Runs
in AHP and CBRank

[n M257357] 50 [ 75 [ 100 |
TDAspp 31 71 208 | 693 1584
TDAcsram || 22 | 54 [ 122 | 416 | 990

[ Difference [ 9 [ 17 [ 86 [ 277 [ 594 ]

Given the function K 4z p that represents the correct ranking
and the function Hypp(r), that is the ranking computed by
the AHP algorithm at a certain stage o of the pairwise
elicitation step, the local stopping rule can be represented by
the following expression:

|HAHP(T7;)U,1 — HAHP(ri)gl <a Vr; € Req, (10)

where o is a positive real number. Essentially, the rule
requires that in two subsequent stages o —1 and o
the acquisition of new knowledge in terms of pairwise
comparisons is not going to significantly modify the value
of the ranking of r;.

A critical problem when using this technique concerns
how to a priori choose the right value for the parameter a,
having in mind the precise value for the maximum
elicitation effort at which the process should be stopped.

Input data for this second type of experiment are: a
number of requirements n, a value for K, and a value for a.
The output is a measure of the disagreement computed for
the number of elicited pairs at which the process stops.

4.3 Results

Table 2 reports on the disagreement measures collected from
10 executions the prioritization process over the same
dataset, with the AHP and the CBRank methods, respec-
tively, while varying the number of requirements, namely,
n = 25,35,50, 75,100, and keeping the number of elicited
pairs fixed to 100. The second and third rows correspond to
the average over 10 runs of the disagreement computed with
AHP and CBRarnk, respectively, and the fourth row reports
the difference between the average disagreement computed
with AHP and CBRank. We computed the p-value via

100 Requirements
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—7/—— CBRank
16004
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800+
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Fig. 2. The plot of disagreement (y-axis) for 100 requirements in AHP
and the CBRank frameworks for an increasing number of elicited pairs
(z-axis).
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Fig. 3. The plot of disagreement (y-axis) for 25, 35, 50, 75,

100 requirements (z-axis) in AHP and the CBRank frameworks for
100 elicited pairs.

Mann-Whitney-Wilcoxon test as an indicator of the statis-
tical significance of the difference of the means obtained by
the two methods. For all the measures the p-value is < 0.05,
so it is possible to confirm that the difference between the
two methods is statistically significant.

The series of plots, Figs. 2, 3, and 4, aims at comparing
the two methods along the prioritization problem dimen-
sions (i.e., number of requirements, elicited pairs, accuracy),
considered two by two. Fig. 2 reports on the z-axis the
number of elicited requirement pairs as a measure of the
elicitation effort. The y-axis corresponds to the ranking
accuracy measured as T'DA, computed via (6). The plotted
values have been obtained as the average of the disagree-
ment values measured on 10 runs on the same data set of
100 requirements.

Fig. 3 shows the average disagreement (y-axis) for 25, 35,
50, 75, 100 requirements (z-axis) for AHP and the CBRank
for a fixed elicitation effort, namely, for 100 elicited pairs.

Fig. 4 plots the average number of pairs to be elicited
(y-axis) to limit the disagreement of the resulting ranks to
15 percent of the total number of pairs of requirements for
25, 35, 50, 75, 100 requirements (z-axis), computed with the
AHP and CBRank methods.

15% of Normalized Disagreement [NDA %]

——+—— AHP
—7/—— CBRank

1200
1000
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Fig. 4. The plot of the number of elicited pairs (y-axis) to have 15 percent

of disagreement for 25, 35, 50, 75, 100 requirements (z-axis) in AHP
and the CBRank frameworks.
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Fig. 5. The result of the application of the local stopping rule with
CBRank and AHP for prioritizing the same set of 25 requirements.

Fig. 5 reports some results of the application of the local
stopping rule with CBRank and AHP. In particular the
diagram represents the results (computed via (7)) over
20 AHP runs, on the same set of 25 requirements and for
a = 0.01 (cross label). Every point in the diagram represents
the final value of one of these 20 runs. The results obtained
running CBRank with the stopping rule, on the same set of
requirements, with a = 0.7, are depicted in the same plot
(triangle label). At these two slightly different values for the
parameter a, the AHP and CBRank prioritization processes
exploit similar percentages of the elicited pairs. Fig. 6 shows
the variance on the results taken when applying the
stopping rules for AHP and CBRank on the two dimensions
of Percentage of Elicited pairs and Normalized Disagree-
ment (NDA%).

4.4 Discussion

The first set of measurements allows a deep analysis of the
tradeoff between the elicitation effort and the ranking
accuracy with the two methods, and provides empirical
evidence that CBRank uniformly outperforms AHP.

The results show that CBRank is more effective than
AHP, especially for lower numbers of elicited pairs, since
the difference between the disagreement measured with the
two methods decreases with the increase of the elicited
pairs, as shown in the plot depicted in Fig. 2.

Looking at the behavior of the two methods for low
elicitation effort in greater detail (the most interesting case
for practical purposes), we can see that the improvement of
CBRank with respect to AHP increases when considering
larger sets of requirements. In fact, considering in parti-
cular, the cases of 50, 75, 100 requirements when 100 pairs
are elicited (Fig. 3 and Table 2) this trend in the difference
between CBRank and AHP is evident. For instance, the
difference between the disagreement measured with CBRank
and with AHP in the case of 100 requirements is around
594 pairs and is clearly larger than the difference for
25 requirements, which is nine pairs.

This observation is particularly remarkable since, in
practice, only a small portion of pairs can be manually
elicited. For example, 100 pairwise analysis represents
2 percent of the total pairs in the case of 100 requirements,
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Fig. 6. Variance in the results of the application of the stopping rule in
terms of Percentage of Elicited pairs (left) and Normalized Disagree-
ment (NDA%).

while 10 percent pairwise analysis on 100 requirements
requires performing 495 comparisons.

The difference between the two methods is also evident
when considering the objective of having a fixed percentage
of disagreement, as shown in Fig. 4. Also, in this case the
difference between the number of pairs to be elicited in
AHP and CBRank for a disagreement of 15 percent
increases, while the number of requirements grows.

During the experiments, the effectiveness of the span-
ning tree initialization strategy used in AHP has also been
tested with CBRank. The results show that the adoption of
this strategy does not produce a faster convergence of the
RankBoost algorithm.

A better performance of CBRank with respect to AHP is
also found when analyzing the results obtained using the
local stopping rule, namely, better accuracy and lower effort,
as well as lower variance on the respective measurements.
The first result could be expected. In fact, applying the same
policy to reduce the elicitation effort to both CBRank and
AHP for a class of problems for which CBRank outperforms
AHP will not change the relative trend of the two methods.

Concerning the variance of elicitation effort measure-
ments, the following observations are worth being added.
The behavior of the local stopping rule as a technique to
reduce the elicitation effort is strongly context sensitive. The
final outcome is affected by high variance of the numbers of
pairs that have to be elicited. For example, in our
experiment with 25 requirements depicted in Fig. 5, the
percentage of elicitation pairs for AHP spans from 10 to
30 percent for 20 runs on the same problem (as also shown
in Fig. 6 on the left). For CBRank, the effort variance is half
with respect to AHP: In fact, for CBRank the effort is in the
range between 10 and 20 percent of pairs and the median is
around 13 percent, while AHP has a median around
21 percent. It is important to note that for both methods
the results show a high variance with respect to the
disagreement obtained when the process is stopped by
the rule. This is plotted in Fig. 6 on the right. The behavior
of CBRank seems to reveal a greater benefit from the local
stopping rule. CBRank not only halves the variance of the
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Fig. 7. Knowledge utility. A graphical representation of the four main
relationships between two orderings of a given set of elements.

(d) non—projective

elicitation effort but it lowers the upper bound of the
number of pairs that have to be elicited.

5 THE ADAPTIVITY PROPERTY

5.1 Experiment Definition

We are interested in giving experimental evidence of the
capability of the method to exploit available domain
knowledge encoded as ranking attributes.

For this purpose we designed an experiment, summar-
ized in the second column of Table 1, Experiment 2, in
which we evaluate the adaptive property of CBRank, also in
comparison with AHP. The approach in this experiment is
analogous to the one described in Section 4, except for the
sets generated for the input to the prioritization process. For
the same set of requirements and target ranking, we
randomly choose different sets of ranking attributes, thus
defining different prioritization problem instances.

The hypothesis is that when the representation of a
specific set of requirements is encoding useful information
with respect to the prioritization process, the performance
of CBRank methods should improve, both by reducing the
required elicitation effort and by increasing the rank
accuracy.

To characterize the variability of the instances of a
requirements prioritization problem, we propose a notion
of utility that allows us to discriminate between useful and
useless knowledge. Useful knowledge will be represented
and encoded by those ranking attributes that improve the
prioritization process. Knowledge utility can be defined in
terms of the relationships that hold between the target
ranking and the order relations encoded by the ranking
attributes. It is possible to recognize four main kinds of
relationships that can occur between two order relations:
isotonic, antitonic, nonmonotonic, and nonprojective. They
are depicted in Fig. 7.

For simplicity we focus our attention on the notion of
direct order relationships on a given ordering, which is a
pairwise precedence relation r; < r; (among two require-
ments 7; and 7; € Req) such that for each r; € Req it never
happens that ; < r, < r; where i # j # k; this relationship
is depicted as a simple arrow pointing from r; to r; in Fig. 7.
Fig. 7a shows the isotonic relationship. Both orderings sort
the requirements with respect to the same priority criteria.
An antitonic relationship holds when one direct order
relationship is the reverse of the other. A nonmonotonic
relationship applies when the ordering can be decomposed

TABLE 3
Disagreement between the Attribute-Rankings and
Target Ranking for 25, 35, and 50 Requirements

[n [ 25 [ 35 [ 50 |
[ NDA%isotone 0% | 0% | 0% |
[ NDA%non—projective || 20% | 21% | 21% |

into smaller portions such that for each of them an isotonic
or antitonic relationship holds (see Fig. 7c). When such a
decomposition cannot be applied, we refer to the relation-
ship as nonprojective (see Fig. 7d). These four categories
well represent the notion of utility for a piece of knowledge
encoded as a ranking attribute. Ranking attributes that hold
an isotonic relationship with respect to the target ranking
better support the learning process. Therefore, isotonic
ranking attributes can be considered as useful knowledge.
On the other hand, nonprojective ranking attributes do not
enable an effective learning process; remember that the
learning algorithm exploits a linear composition of ranking
attributes. Notice that the complexity of the CBRank
prioritization process is not dependent only on the choice
of a specific target ranking function K but also on the above
discussed relationship that holds between K and the set of
ranking attributes F.

5.2 Experiment Execution

On the basis of the above definitions, we can generate sets of
prioritization problems with different degrees of difficulty.
After 10 runs on the same dataset we calculate the average
of the disagreement measure with respect to the percentage
of elicited pairs. We compute the disagreement until
50 percent of the total number of pairs has been elicited.
After this percentage, the distance between the disagreement
curves obtained with the different categories of knowledge
(from isotone to nonprojective) becomes lower and so less
relevant for the purpose of our comparative analysis.

The experiments with CBRank have been repeated for
different classes of ranking attributes. The same set of
experiments has been repeated, varying the cardinality of the
requirements set from 10, 25, 35, 50, 75 to 100 requirements.
In Table 3, the disagreement measures (reported in percen-
tage with respect to the number of possible pairs) between
the ranking used in the experiment and the target ranking K
are given for the isotone and nonprojective cases.

The same simulated experiments have also been per-
formed using the AHP method.

5.3 Results

In Fig. 8, we show the boxplots of the disagreement
measured for two classes of domain knowledge (nonpro-
jective, left side, and isotone, right side), through (7), for a
set of 25 requirements. The boxplots are computed on
10 runs of the same problem instance. The variance of the
disagreement measurements (the distance between the first
and the third quartile) decreases when the percentage of
the elicited pairs increases in both plots. Also, the median of
the measurements decreases with the increase of the
percentage of elicited pairs. Moreover, the decreasing trend
in the median and the variance of the disagreement
measurements are faster for the class of nonprojective
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Fig. 8. Experimental results: Boxplots describing the prioritization disagreement variance in the case of nonprojective (left) and isotone knowledge

(right) for 25 requirements.

knowledge (the worst case in domain knowledge exploi-
table for deriving the target ranking) than for the case of the
isotone knowledge (the best case).

The plot in Fig. 9 shows the average of the disagreement
measured through (6) in the case of 25, 35, 50, 75, 100
requirements, when 100 pairs are elicited from the decision
maker with CBRank and with AHP, which have been run on
the same datasets. Both worst (nonprojective) to best
(isotone) cases for the CBRank method are depic’ced.4

5.4 Discussion
The disagreement measures in Fig. 8 confirm the intuition
that when an isotonic relationship holds between ranking
attributes and the target ranking, the CBRank learning
process can be very effective, resulting in a good tradeoff
between effort and accuracy. Moreover, the empirical
analysis shows that knowledge utility and learning com-
plexity are closely related. In fact, more pairs have to be
elicited to reach the same level of ranking accuracy when
nonprojective ranking attributes are exploited. For instance,
in Fig. 8 we can see that in order to achieve a ranking with a
median disagreement around 7 percent, we need to elicit
about 15 percent of pairs in the case where we are
exploiting isotone ranking attributes, and about 45 percent
of pairs when we use nonprojective ranking attributes.
Focusing on Fig. 9, it is possible to recognize that in the
case of 100 requirements for 100 elicited pairs (so exposing
the decision maker to an acceptable decision effort), both
when useful knowledge is available or not available,
CBRank behaves better than AHP, resulting in a lower
disagreement.

6 A CASE StTupy
6.1 Experiment Definition

A further empirical study to assess the domain adaptivity
property of CBRank is based on a case study performed on a

4. This distinction cannot be made with AHP that cannot benefit from
domain knowledge of different levels of knowledge utility.

medium-sized software application project (referred to as
Experiment 3 in Table 1).

The main purpose of this case study is to find an answer
to the following question: In a real situation, that is, when
stakeholders of a third-party project use CBRank, is it
possible to observe a positive effect of the domain
adaptivity property on the requirements prioritization
process as suggested by the simulated experiments illu-
strated previously?

The outline of the empirical study is the following. We
consider a set of requirements of a real software project.
Given the same set of requirements, we execute two
prioritization processes with different target criteria, that
is, we consider two different prioritization problems.
Estimates for the associated target ranks can be derived at
the end of the project, taking advantage of information
available upon project conclusion. Based on these premises,
we can compute two rank disagreement measures, the first
between the target and estimated rank and the second
between the target and the ranking attributes, for each

100 elicited pairs
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Fig. 9. The plot of disagreement (y-axis), for 25, 35, 50, 75, 100

requirements in AHP and the CBRank frameworks for 100 elicited pairs
(z-axis) considering isotone and nonprojective ranking functions.
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prioritization problem. As mentioned in the previous
section, we may consider the disagreement between the
target rank and the ranking attributes as a measure of the
complexity of the prioritization process. A further question
is whether there is a correlation for the two prioritization
problems between the disagreement of estimated ranks and
that computed on ranking attributes.

The case study has been provided by ProVotE [39], [40], a
4-year project in the area of e-Democracy whose objective
was to introduce electronic elections (e-Voting) in Trentino,
a region in Northern Italy. The project aims at eliminating
risks of digital divide and at providing technological
solutions to support the voting process from the voting
event to the publication of the results.

Due to the critical nature of the application, a huge effort
is devoted to the production of a highly secure, “bug free”
system. This motivated the need for ranking the e-Voting
system requirements along corresponding criteria, referred
to in the following as “secure,” when the evaluation is
driven by security issues and “bug” when the evaluation is
driven by an estimate of the possible debugging effort
required at the implementation stage. The final objective is
to detect system requirements that affect system depend-
ability as early as possible, i.e., those relevant with respect
to security as well as implementation effort concerns, and to
plan for their development earlier with respect to project
milestones.

The requirements document of the ProVotE project
includes 104 requirements. A set of 32 requirements
describes the general features, while the others are divided
into six functional areas related to the various kinds of
activities that have to be performed during a voting session.

The functional areas are: Management of the polling place,
which concerns procedures that are usually performed at
the polling station, such as the installation of the voting
machines (six requirements); Voting station set-up, concern-
ing the set-up phases of the voting place and booths, such as
the possibility for the president of the voting place to login
and initialize the voting procedures (15 requirements);
Voting operations—management, related to the management
of voting operations, such as the continuous monitoring of
the voting machines (seven requirements); Definition of the
voting procedures, concerning the definition of different
characteristics for the voting procedures, such as the need
to avoid multiple votes by a single person or the need to
adhere to the national voting rules (36 requirements); Ballot
counting, related to the procedures to be executed after the
voting phase, such as ballot counting, with eight require-
ments. Some of the system features are also modeled as a set
of Use-Cases.

In our experiment, we focused on a restricted set of
46 requirements, including three requirements from the
Voting station set-up area (those which are more specific to
the e-voting application domain) and all the requirements
from the Voting operations—management area (7), and from
the Definition of the voting procedures area (36). Notice that
there are no dependencies between these requirements;
moreover, information on their implementation in a first
release was available.

Each requirement is described by the basic attributes
recalled in Table 4.

TABLE 4
Basic Attributes of the ProVotE Project Requirements

Title A short description of the requirement

Description  The textual description of the requirement

Importance  The importance of the requirement, as perceived
by the project managers, expressed as “Low”,
“Medium”, “High”; if the requirement is intended
to be implemented in the second phase of the project,
the attribute is set “Phase 2"

Notes  Notes about the requirement

Concerning the selection of the ranking attributes, the
following knowledge is available from project documents,
stakeholder expertise, and project management recorded
information:

1. “Importance of a requirement”: As specified in the
requirements document.

2. “Importance of the functional areas”: Upon advice of the
ProVotE Project Manager, the most critical and
important area in the project is the Voting opera-
tions—management area (VO area), so a higher weight
is given to requirements belonging to this area.

3. “Feature weight from Use-Cases”: Use-Cases can
aggregate a different number of system features.
We associate weights to system features depending
on the fact they appear in a more or less “feature-
rich” Use-Case.

4. “Number of updates to requirements”: We observed that
if a requirement has been modified several times, it
is likely to be a critical one. We extracted the total
number of updates of each requirement from the
Requirements Document.

All this knowledge is encoded as partial or total ranking

functions.

The subjects of the empirical study are project stake-
holders. They are six technicians involved in the design and
implementation of the ProVotE system who have different
skills and comprehension of the project. Two of them play
coordination roles over the whole project, one of them is in
charge of realizing the operating system of the e-Voting
application, the remaining three are in charge of the
implementation of the application.

6.2 Experiment Execution

The six project members were divided into two groups: the
first including the two project coordinators, the second the
four project developers. Members of the second group
performed two different prioritization processes, individu-
ally. In the first prioritization, we asked the developers to
rank the requirements according to their expectation about
bugs that could have been introduced during the imple-
mentation stage. That is, on each proposed requirement pair
the developers specified which one among the two they
considered more at risk of a buggy implementation. The
target rank for this criterion was derived from the log of the
bug tracking systems, in that case Bugzilla.

The second prioritization process aimed at ranking
requirements according to the “secure” factor. Differently
from the previous case, the four developers were asked to
elicit pairwise comparisons about which requirement was
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TABLE 5
Average of the Partition Disagreement for: Ranking Attributes
(as Labeled in Parentheses) versus Target Ranking (Column 2);
Estimated versus Target Ranking (Column 3)

Target | Disagreement [N DP%] | Disagreement [N DP%]

Ranking Attributes Estimated
secure (VO area) 16% 12%
bug (use cases) 24% 41%

to be considered more critical with respect to security
concerns. The target rank for the “secure” factor was
obtained by interviewing the two project coordinators.

These prioritization processes were carried out using
SCORE,’ a web-based tool which implements the three-step
prioritization process of CBRank, also depicted in Fig. 1. The
SCORE tool provides users a GUI to input their pairwise
preferences. The requirements, and the related attributes, as
exemplified in Table 4, were uploaded in advance to the
system. Subjects were briefly introduced to the use of the
SCORE tool before starting the prioritization process.

In order to limit subjects’ effort, we stopped preference
elicitation when 14 percent of the total number of pairs for
the 46 requirements was acquired.

6.3 Results

The rankings obtained at the end of the prioritization
processes were divided into three categories, each com-
posed of about 15 requirements. The first category includes
the 15 higher rank requirements in the output, the second
category the requirements ranked from the 16th position to
the 30th position, and so on. The average disagreement
measures are the average of the partition disagreement
NDP, computed with the formula in (9), and reported as
percentage with respect to the number of possible pairs in
the partition.

Table 5 shows the results related to the use of the ranking
attributes in the process. In column “Ranking Attributes”
we report the name of the ranking attribute that produces
the closest ranking (lowest disagreement) with respect to
the target ranking relative to the “secure” criterion (first
row) and to the “bug” criterion (second row), respectively.
The percentage in this second column represents the
disagreement between the requirements ordered according
to this ranking attribute and the target ranking.

The third column, “Estimated,” reports the disagreement
between the ranking resulting from the online process
(running with the ranking attribute reported at the left) and
the target ranking (“secure,” first row, “bug,” second row).
The results show that the closer the ranking attribute is to
the target, the lower the disagreement between the
estimated and the target rankings is. In fact, for the
prioritization along the “secure” criterion, CBRank obtained
only a 12 percent disagreement, exploiting knowledge on
the weights of requirements belonging to the Voting
operations—management functional area. The disagreement
of the requirements along this ranking attribute with
respect to the target ranking amounts to 16 percent. On

5. Information about the SCORE tool is available at http:/ /se.fbk.eu/en/
tools.

the contrary, the best ranking attribute with respect to the
“bug” criterion (the one related to the Use-cases) had a
disagreement of 24 percent with respect to the target
ranking, causing a worse performance of the prioritization
method.

6.4 Discussion

The possibility of easily encoding available domain knowl-
edge does not necessarily improve the performance of the
prioritization process.

The improvement (i.e., lowering the disagreement with
respect to the target ranking) depends on how informative
the knowledge encoded as ranking attributes is with respect
to the target ranking. Table 3 suggests that when the
percentage disagreement between an attribute-based rank-
ing and the target ranking is greater than 20 percent, the
domain knowledge encoded in that attribute is no more
effective toward increasing the accuracy of the computed
ranking for a given effort (i.e., it falls in the nonprojective
category). Results from the case study show that the
attribute VO areq is informative within a certain degree
with respect to the secure criterion (in fact, the disagreement
between the attribute and the target ranking amount to
16 percent, measured as NDP percent). And in this case,
CBRank achieves a better estimate of the target ranking,
given the same amount of elicited pairwise preference, in
fact, the NDP% of estimated versus target ranking amounts
to 12 percent. The functional area VO area is in fact the most
important among the six functional requirements groups,
according to the Project Manager, and this fact in our
opinion reflects a correlation with project stakeholders’
concerns about security aspects. Vice versa, the use case
attribute, which characterizes the feature-richness of func-
tional requirements represented in use cases, seems not
relevant to identifying requirements that may lead to a
more bug-prone implementation. In fact, while the attribute
versus target ranking disagreement amounts to 24 percent,
the disagreement between estimated and target ranking
becomes even worse (41 percent).

7 REeLATED WORK

A rich literature on requirements prioritization is available.
It includes studies that analyze the requirements prior-
itization role in software development processes, proposals
of a variety of approaches to perform requirements
prioritization, and an increasing set of empirical studies
devoted to comparisons giving account of advantages and
drawbacks (see, for instance, [10], [29], [31], [36]).
Focusing on requirements prioritization approaches, we
distinguish basic ranking techniques, which usually allow
prioritization of a set of candidates along a single
evaluation criterion, from requirements prioritization
methods, which integrate ranking techniques inside a
requirements engineering process and aim at taking
different aspects (criteria) into account, which may
correspond to the different goals of project’s stakeholders.®
Rank elicitation is performed by relevant stakeholders in
a project (e.g., customers, users, system architects) and may

6. A similar terminology is proposed also in [11].
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TABLE 6
Prioritization Methods

Req. Prior. Methods

|

Criteria

Rank. Technique

Quality Function Deploy-

customer goals and design re-

numerical assignment

ment - QFD [3] quirements

Win-Win [34] various, e.g. business values | AHP
development effort

AHP [35] pairwise evaluation on alterna- | AHP

tives, and hierarchies of criteria

Triage [13]

various, e.g. business goals; de-
velopment resources

numerical assignment and ba-
sic ranking

Cost-Value [23]

development costs; value for
the customer

AHP

Planguage [17]

stakeholders goals

basic ranking

Fairness Analysis [14]

stakeholders goals

Pareto optimal Search Based
software engineering

Planning Game [9]

customer preferences; develop-
ment time

numerical assignment and ba-
sic ranking

Wiegers method [41]

value for the customer; imple-
mentation cost and risk

numerical assignment and

method rules

CBRank

domain adaptive

‘ RankBoost, ML technique

be executed in different ways. A basic approach consists of
assigning a rank to each requirement, in a candidate set,
according to a specific criterion (e.g., value for the customer,
development cost). The rank of a requirement can be
expressed as its relative position with respect to the other
requirements in the set, as in Bubble sort [24] or Binary search
[20] procedures, or as an absolute measure of the evaluation
criterion for the requirement, as in Cumulative voting [28].
Alternatively, pairwise comparison consists of assigning a
preference value to pairs of candidate requirements. This
type of rank elicitation is used in AHP and CBRank. A third,
alternative way consists of assigning each requirement to
one specific class among a certain number of predefined,
different priority, classes, as, for instance, in Numerical
Assignment [28], [41] and in Top-10 requirements [27].

The type of rank elicitation performed by a prioritization
technique has an impact on the usability property of the
technique itself. For instance, pairwise evaluation lowers
the cognitive effort when the number of requirements to be
evaluated is a few dozen, but the number of pairs to be
elicited grows quadratically with the number of require-
ments, thus making it expensive (or even impractical) with
a large set of requirements.

The ranking obtained with the different techniques
ranges from requirements lists ordered according to an
ordinal scale (Binary Search, Bubble Sort) to a requirement
list ordered according to a rational scale (AHP, 100 Points)
and to an ordinal scale (groups or classes), as in the
Numerical Assignment and Top-10 techniques.

Concerning the scalability of these techniques when
applied to sets of requirements of increasing size, it can be
characterized in terms of the corresponding growth of the
amount of information requested from the human decision
maker by the techniques, namely, the elicitation effort.
Given n requirements to be prioritized, computational

complexity varies from a linear function in n, as in
Numerical Assignment or Cumulative Voting, to a quad-
ratic function, as in AHP. Heuristics have been exploited to
overcome the problem of knowledge acquisition, trying to
minimize it, also paying off in terms of precision.

Ranking techniques, as those recalled above, are used by
more structured requirements prioritization methods which
aim at handling multiple prioritization criteria. Table 6
collects well-known approaches and shows a characteriza-
tion along the criteria used by each single method (second
column), and the ranking techniques it exploits (third
column). Basically, most of the methods aim at considering
the customer point of view and development aspects such
as the development cost or effort, or design constraints.
Some of the methods combine different ranking techniques,
as, for example, Planning Game, an approach which is used
in eXtreme Programming [9]. Planning Game combines
Numerical Assignment and basic ranking by first dividing
the different requirements into priority groups and then
ranking requirements within each group.

Moreover, methods usually adopt a specific approach or
ad hoc rules to combine single-criterion rankings into the
final rank. For instance, the AHP [35] method proposes a
hierarchy-based approach to combine different and more
abstract sets of criteria; in this case, criteria themselves are
managed as alternatives and the decision maker can express
the priority for the criteria in a pairwise comparison fashion.
The output of the process is a set of weights to be used to
combine the set of alternative criteria. Win-win [34] adopts
negotiation techniques to derive a final requirements
ranking from an agreement among subjective evaluations
by different stakeholders, while Wieger’s method [41]
adopts a rule of thumb to compute the final ranking
dividing the “value for the customer” of a given requirement
by a penalty proportional to its implementation cost and
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risks. In this line, [14] presents a multi-objective optimiza-
tion approach to support investigation of the tradeoffs in
various notions of fairness between multiple customers.

As to understanding to what extent it is possible to say
that an allocation of requirements to customers is fair, when
there are multiple customers, each with their own idea of
what the next set of requirements should be, the framework
proposes that each notion of fairness should form an
objective in a multi-objective, Pareto optimal Search-Based
Software Engineering (SBSE) setting.

It may be noticed that most of these methods require
a priori definition of the ranking criteria, their measurement
scale, and the rules to combine the single-criterion ranking
into the final ranking, independently of the set of require-
ments to be prioritized. This limits the flexibility of those
methods that are usually tuned to a specific application
domain and development setting in order to be effective.

Comparative evaluations of some of these techniques
and methods have been performed by means of experi-
mental studies designed to analyze their usability and
performance properties [24], [25]. Some of the properties,
e.g., usability, were measured on the basis of a statistical
analysis of subjective evaluations expressed by the users of
a prioritization approach.

An experiment was performed [2] on five techniques,
including AHP, Binary Search, Planning Game, the 100
Points Method. Fourteen evaluators, masters and PHD
students, were asked to prioritize a set of 13 requirements.
The Binary Search turned out to be the best technique for
prioritizing requirements. The following properties were
measured: the average time consumption, the “ease of use”
of a technique as perceived by the subjects, and the
accuracy of each technique’s output with respect to the
“ideal ranking” of the set of requirements, corresponding to
the decision maker’s opinion. According to the authors,
both experiments are limited with respect to the number of
requirements to be prioritized and of the evaluators sample.
This study complements but apparently also partially
contradicts a previous extensive study on six techniques
[24]. The compared techniques included AHP, Hierarchy
AHP, Bubble Sort, and Binary Search. They have been
evaluated against technical properties, such as the ability of
a technique to indicate consistency in the decision maker’s
judgment, a technique’s ranking scale, time consumption
(from preference elicitation to the computation of the final
ranking), and against subjective measures, namely, ease of
use, reliability of results, and fault tolerance with respect to
judgmental errors. For this evaluation, the authors exploited
a set of 13 quality requirements of a product like a small
telephony system. Three evaluators were asked to prioritize
requirements according to their importance, using the six
techniques. The AHP-based techniques resulted as the most
promising according to this study, although presenting
limits in scalability. More generally, [11] reports an analysis
of these studies, based on a systematic review [26], which
points out that the results of these studies are often difficult
to compare. Among the identified reasons for this problem
is the fact that these studies often compare methods with
techniques, or there may be differences in contexts,
measured variables, and datasets used. Finally, in a recent

study, Daneva and Herrmann [12] presented an analysis of
hundreds of sources of works on requirements prioritiza-
tion based on benefit and cos, which aimed at deriving a
common, underlying conceptual model for these prioritiza-
tion methods. The resulting conceptual model served as a
classification framework for a subsequent survey review
[19]. Not surprisingly, the description of the activities
performed during requirements prioritization within this
conceptual model fit the ex-ante approach since the
prioritization criteria, benefit and cost, are assumed
a priori. Worth mentioning is the follow-up of the survey
review based on this classification framework [19], which is
a set of open issues for a research agenda that include the
need for a systematic management of the nonfunctional
requirements in the prioritization processes and for a
systematic management of requirements dependencies,
as still pointed out by authors of some of the specific
methods. In particular, this last point is judged as an
important issue in the requirements community, but it is
largely neglected in the current prioritization works.

8 DISCUSSION

The positioning of CBRank with respect to requirements
prioritization approaches, which has been elaborated in
Section 7, will be complemented here with a discussion on
benefit and limits, which is supported by the results of the
empirical measurements.

CBRank can be used as a single-criterion ranking
technique as well as a multicriteria prioritization method.
Differently from ex-ante approaches that require associating
a chosen target criterion to one or more predefined
requirements attributes whose values are elicited from
stakeholders, in CBRank requirements prioritization is
obtained by acquiring the stakeholders priorities on pairs
of requirements directly, rather than on their attributes.

Similarly to AHP, CBRank rests on pairwise priority
elicitation. Nevertheless, the cognitive overload of the
elicitation process is different in the two methods. In AHP
the stakeholders have to provide a fine grain priority
between two requirements, usually expressed in a range of
10 values. Since a clear and unambiguous semantics for
these different values is not straightforward, the elicitation
process is prone to a noisy acquisition of data from the
evaluator. On the contrary, CBRank’s elicitation of the
priority between candidate requirements rests on a Boolean
scale. The information acquired from the stakeholder is not
a quantitative measure of a priority index; nevertheless, a
binary elicitation process enables a much robust data
acquisition process. Less noisy data are an advantage for
the computation of the prioritization rank, and at the same
time Boolean elicitation lowers the evaluators’ effort. In fact,
choosing between two alternatives is less demanding than
discriminating among 10 alternatives.

A further difference between AHP and CBRank concerns
the core algorithm they rest on.

While AHP applies a multicriteria-based optimization
algorithm that can rely, for instance, on the computation of
the principal right eigenvector of the matrix of alternatives,
CBRank aims to reduce a loss function which minimizes the
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pairwise priority disagreement, exploiting machine learn-
ing techniques to minimize the set of pairs to be elicited.

Focusing on the comparison with other prioritization
methods, two main aspects are of interest in this discussion:
the fact that CBRank explicitly allows for the introduction of
the concept of approximated rank as result of the prioritiza-
tion process, and that it allows for exploiting available
domain knowledge expressed as (partial) requirements
ranking along different prioritization criteria.

The different computational methods exploited by AHP
and CBRank have an impact on the elicitation process and
on the quality of final rank. As pointed out before, AHP
requires an exhaustive elicitation of pairwise relations;
partial elicitation is allowed and it can be performed only
when the missing values will not affect the final rank.
CBRank introduces the notion of approximated rank. The
quality of final rank might have different levels of accuracy,
depending on the amount of elicitation effort considered
acceptable from the stakeholders.

Moreover, CBRank exploits available knowledge on the
requirements, making it highly adaptable to different
domains also supporting the minimization of the pairs to
be elicited from the stakeholder (in Table 6, this property is
referred to as being domain adaptive with respect to the
ranking criteria a method can be used for).

9 CoNcLUSION AND FUTURE WORK

In this paper, we provided a detailed account of the CBRank
method for requirements prioritization.

The CBRank method follows the case-based paradigm for
problem solving, according to which a solution to a new
problem can be derived from (partial) examples of previous
solutions to similar problems. In the context of require-
ments prioritization, these examples are elicited from
project stakeholders as pairwise preferences on samples of
the set of requirements to be prioritized, and used to
compute an approximated ranking for the whole set.

The machine learning technique exploited by the method
has been presented, both with the help of an intuitive
example and by describing the RankBoost algorithm, which
is implemented in the method. The prioritization process
based on CBRank has been presented.

A discussion of the method performance, which is
defined in terms of tradeoff between preference elicitation
effort and ranking accuracy and of its domain adaptivity, has
been given, with the support of a set of different experi-
mental measurements and of a case study. The experimental
measurements were taken by applying CBRank to different
prioritization problems, varying the number of require-
ments, the number of elicited pairs, and the accuracy of the
computed ranking. Indicators for the statistical significance
of the measurements have been provided.

Finally, the CBRank method has been positioned with
respect to state-of-the art approaches, with particular
reference to the AHP method, which can also be considered
an instance of the case-based problem solving paradigm.
Differently from AHP, the CBRank method enables a
prioritization process, even over 100 requirements, thanks
to the exploitation of machine learning techniques that
induce requirements ranking approximations from the
acquired data.

Some assumptions have been considered in the de-
scribed work, such as the monotonicity of the elicitation
process and random selection as pair sampling policy in the
CBRank prioritization process. Future work should address
the nonmonotonic case and more sophisticated pair sam-
pling policies, possibly contributing to improving the
effectiveness of the method in more complex real settings.

Further characteristics of the CBRank method that are
worth investigating are its ability to support coordination
among different stakeholders through negotiation [8].
Moreover, potential advantages of integrating CBRank with
other techniques such as planning game or AHP deserve
further analysis.

Well-known open issues in the requirements prioritiza-
tion problem such as handling requirements dependencies
and “anytime” prioritization, which is updating require-
ments ranking when new requirements are added (or
removed), are also worth being further investigated.
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