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ABSTRACT The decision of which requirements should be satisfied in the next release is crucial to software
company. The next release problem, a family of requirements selection decision, aims to maximize profits
by satisfying requirements to balance customer profits and development costs. However, due to diverse
practical scenarios, solutions to the next release problem have to face many different objectives. In this
paper, we propose an exploratory study on the many-objective next release problem with five evolutionary
optimization algorithms. The goal of this study is to use the experimental results to assist project managers
to make the requirements decision in the scenario of many decision objectives. This study focuses on four
research questions, including the effectiveness of optimization, the significance of results, the distribution of
metric values, and the correlation between metrics. We design the study to explore five objective functions of
the next release problem, including the maximum of customer profits, the minimum of requirements costs,
the fairness of requirements selection, etc. The study is conducted on 12 benchmark instances from three
real-world projects via evaluating six metrics. Our study suggests that among algorithms in comparison,
either eMOEA or IBEA is the best choice for the many-objective next release problem.

INDEX TERMS Requirements decision, the many-objective next release problem, fairness analysis, search-

based requirements engineering

I. INTRODUCTION

Requirements selection is an inevitable phase that determines
the benefits from customers [1], [2]. Software companies (or
organizations) try to satisfy all requirements from customers
to pursue the maximum value of profits, such as incomes,
subscribers, or reputation. For large-scale software projects,
it is impossible to satisfy all potential requirements due to
the tremendous development costs, such as the budget or the
time. To balance the customer profits and the development
costs, a software company has to decide which requirements
should be completed in the next software release.

The Next Release Problem (NRP), a family of require-
ments selection problems, aims to find out the best decision
of satisfying requirements from customers. In a large project,
exhausting every solution is time-consuming due to the large
search space. Bagnall er al. [3] proposed the first model of
the NRP. This work has examined the performance of sev-
eral heuristics, such as hill climbing and genetic algorithms.

Jiang et al. [4] designed an approximate backbone based
multilevel algorithm to pursue the maximum profits under
a limited budget. Ren [5] has pushed the NRP into
a new model of multiple objectives: the multi-objective
NRP is to simultaneously maximize the customer prof-
its and minimize the requirements costs. Researchers have
proposed several models and methods to support the
decision of the multi-objective NRP, including fairness
analysis [6], robust analysis [2], interactive optimization [7],
and hardness exploration [8].

Under the umbrella of the multi-objective NRP, all the
existing work copes with two objectives, e.g., profits and
costs [9], or profits and fairness [6]. A general method of
solving the multi-objective NRP is to conduct a Pareto fron-
tier [10], which implies the set of current optimal solutions.
Based on such multi-objective NRP, a software company
selects requirements to balance two conflicting objectives for
the next release. In practice, however, more objectives exist.
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To determine the requirements selection, a company has
to simultaneously cope with three or more objectives. For
instance, the maximum of customer profits, the minimum of
requirements costs, and the fairness of requirements selection
should be considered together to find out the optimal deci-
sion. The assumption of two objectives in the NRP is violated;
meanwhile, finding out the Pareto frontiers of more than two
objectives may be infeasible [11]. There exists no prior study
to provide support to the requirements decision for the NRP
with many decision objectives.

In this paper, we addressed the NRP model with more
than three objectives, namely the Many-Objective NRP
(ManyNRP for short). We proposed an exploratory study on
the ManyNRP with five state-of-the-art evolutionary opti-
mization algorithms: NSGA-II, DBEA, NSGA-III, eMOEA,
and IBEA. We designed the study to explore how to determine
five objectives of the ManyNRP, including the maximum
of customer profits, the minimum of requirements costs the
fairness of requirements selection, etc. This study focuses
on four research questions, including the effectiveness of
optimization, the significance of results, the distribution of
metric values, and the correlation between metrics. The study
is conducted on 12 benchmark instances from three real-
world projects, Eclipse, Gnome, and Mozilla; six metrics
are used to evaluate the effectiveness of solving ManyNRP.
Our study suggests that among algorithms in comparison,
either eMOEA or IBEA is the best choice for the many-
objective next release problem for the evaluation of most
metrics; NSGA-II can obtain the best solutions for the metric
of Spacing. This study provides a general way to support the
decision of many-objective requirements selection.

Application Scenario: A project manager may face many
optimization objectives (e.g., four or more) during the phase
of requirements analysis. Due to the large number of objec-
tives, it is challenging to manually select customers that
should be satisfied in the next release. Our work aims to
provide a general solution to this scenario; our experiment
shows that eMOEA or IBEA can be directly used to assist the
decision by the project manager.

This paper makes the following major contributions:

o We addressed the ManyNRP, namely the scenario of
simultaneously optimize more than three objectives for
the NRP. To the best of our knowledge, this is the first
work that seeks the solution to the emerging problem of
the ManyNRP.

« We proposed an exploratory study on the ManyNRP via
examining the effectiveness of five optimization algo-
rithms on 12 instances from three real-world projects.

o We explored the optimization via answering four
research questions and suggest that eMOEA and IBEA
are the two best algorithms, which outperform the others
under comparison.

The remainder of this paper is organized as follows.
Section II presents the background and the problem defini-
tion. Section III shows the design of our study on instances
from three projects. Section IV shows the result of exploring
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the effectiveness of solving the ManyNRP. Section V dis-
cusses the threats to the validity of our work. Section VI lists
the related work and Section VII concludes this paper.

Il. BACKGROUND AND PROBLEM DEFINITION
In this section, we present the background and the problem
definition of the many-objective NRP.

A. THE NEXT RELEASE PROBLEM

Requirements analysis is to model potential real-world
applications into software descriptions [12]. The NRP is to
optimize the selection of satisfied requirements in the next
software release. Fig. 1 illustrates the NRP with an example.
This example is extracted from the project of Eclipse Java
Developer Tools (JDT). JDT is a static Java analysis tool,
which can be used to analyze and transform Java source code.

Requirement | Decision objective
Class
modeling Maximum of
l customer profits
Method Expression Parallel
modeling modeling analysis .
Minimum of
l requirements costs
Source code Bytecode Sequential
parsing parsing analysis
Fairness of

requirements selection

i}

Customer Customer
A B

FIGURE 1. Illustration of the many-objective NRP with seven
requirements and three customers.

Customer

As shown in Fig. 1, three customers request for seven
requirements in the release. There exist dependencies among
requirements. For instance, the requirement of method mod-
eling relies on completing the requirement of source code
parsing. The dependencies enlarge the complexity of require-
ments selection. Since the dependencies are known to the
software company, these dependencies among requirements
can be simplified as direct requests between customers and
requirements. Bagnall ef al. [3] and Xuan et al. [13] have
introduced the method of simplifying the NRP by removing
such dependencies.

To determine whose requirements should be satisfied (i.e.,
which customer should be prioritized), a software company
considers both customer profits and requirements costs [14].
In practice, customer profits and requirements costs are con-
flicting for the decision of requirements because maximizing
the customer profits leads to the maximum of requirements
costs. Bagnall et al. [3] first formalized the NRP by opti-
mizing the requirements selection under a limited budget.
This is a single-objective optimization problem and has
become one of pioneering scenarios of search-based software
engineering [6].

It is straightforward to convert the limited budget into
another objective for the NRP. This leads to another model
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that simultaneously optimizes two objectives, i.e., to maxi-
mize customer profits and to minimize customer costs. This
model is referred to as the multi-objective NRP. Note that
in the literature of the NRP, such multi-objective NRP only
contains two objectives. Various multi-objective optimization
models have been proposed or applied to solve the multi-
objective NRP to balance the conflicts between two decision
objectives. For instance, Finkelstein et al. [6] have addressed
the conflict between the number of satisfied requirements
(i.e., the maximum value) and the fairness of satisfied ones
for each customer (i.e., the minimum of the standard devi-
ation of satisfied requirements). In their study, even the
requested requirements by a customer are not completely
satisfied, the satisfied ones can bring benefits. The scenario of
such multi-objective NRP can better modeling the real-world
requirements selection than the single-objective NRP.

B. MANY-OBJECTIVE OPTIMIZATION

The multi-objective NRP in Section II-A has not provided
a solution to the optimization of more than two objectives.
Recently, many-objective optimization is proposed to address
such optimization problem [15]. The many-objective opti-
mization is a specific model of the multi-objective one,
but contains more than three objectives. These objectives
enlarges the scale of the search space. Let X be a generic form
of a variable. The many-objective optimization model can be
generally stated as follows,

minimize f (X) = [i(X), LX), ... .1, 1> 4
subjectto: gi(X) =0, 1<j<p

M(X)>=0, 1<k<gq

xb<x <l

where ¢ is the number of objectives, p and g are the number
of equality constraints and inequality constraints, x; is the ith
component of the variable X, and xf and xl.” are the lower
boundary and the upper boundary, respectively.

An assumption of many-objective optimization is that the
number of objectives is four or more.! This unique feature
makes many-objective optimization hard to be solved. Most
existing algorithms for multi-objective optimization lose
their magic for many-objective optimization. For instance,
NSGA-II by Deb et al. [10] is widely-used in optimiz-
ing two conflicting objectives. In NSGA-II, solutions are
ranked according to the two objectives; then a Pareto fron-
tier is conducted to converge top-ranking solutions. How-
ever, the assumption of four or more objectives in many-
objective optimization makes ranking solutions difficult: an
optimization algorithm cannot distinguish solutions due to
the conflicting objective values. A study by Jaimes et al. [16]
shows that finding the top-ranking solutions via multi-
objective optimization requires examine over 62K, 1,953K,

n some problems, finding out a solution to three-objective optimization
is as hard as that to two-objective optimization [16]. In this paper, we address
the problem with four or more objectives and do not discuss the potential
theory of the hardness of problem solving.
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and 1,708,984K solutions for 4, 5, and 7 objectives, respec-
tively. To address the weakness by the multi-objective opti-
mization, several many-objective optimization algorithms
are proposed, such as NSGA-III (an upgraded version of
NSGA-II via embedding reference points) and IBEA.

C. THE MANY-OBJECTIVE NEXT RELEASE PROBLEM

In requirements engineering, either selecting a set of cus-
tomers or selecting a set of requirements leads to the decision
of satisfying requirements. In this paper, we followed [3] to
treat the solution to the NRP as the selection of customers;
then requirements requested by these selected customers can
be directly extracted. We define the general problem of the
Many-Objective NRP (ManyNRP for short) according to the
simplified model [3].

Definition 1: The simplified ManyNRP.

Given a set R of candidate requirements and a set S of
customers, each requirement r; € R (1 < j < m) has a
cost ¢j and each customer s; € § (1 < i < n) has a profit w;.
A request g; ; = 1 or 0 indicates that a customer s; requests
for satisfying a requirement r; in the next release or not.
Followed [3], a solution X C S is defined as a subset of all
customers. The selection of customers can be directly trans-
ferred into the selection of requirements. Given a solution X,
the selection of requirements is R(X) = Ugex ¢, ;=1{rj}-

The goal of the ManyNRP is to find out an optimal solu-
tion X* to simultaneously minimize given ¢ objectives. Each
minimum objective function f;(X) (1 < d < ) is defined
according the application scenario.’

Taking Fig. 1 as an example, to optimize the require-
ments selection of three customers and seven requirements,
many objectives can be considered, including maximizing
the customer profits, minimizing the requirements costs, sat-
isfying the fairness of requirements, balancing the ratio of
selected requirements, etc. Due to diverse customer profits
and requirements costs, the ManyNRP can be adapted to
different application scenarios.

Ill. AN EXPLORATORY STUDY ON THE MANYNRP

We present an exploratory study on the effectiveness of the
ManyNRP via evaluating five algorithms on 12 instances
from three projects, Eclipse, Gnome, and Mozilla.

A. STUDY SETUP

Requirements are one of private data in software compa-
nies. Most of existing work uses randomly generated data
to conduct experiments. In our study, we followed [17]—[20]
to use 12 relatively-realistic NRP instances, which are
extracted from three real-world projects [13], including
Eclipse, Gnome, and Mozilla.? All these NRP instances are
mined by the analogy between the requests of requirements
by customers and the bug reports by testers or end users.

2Maximizing an objective function can be transferred by minimizing its
opposite value.
3Dataset of the NRP instances, http://cstar.whu.edu.cn/p/nrp/.
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TABLE 1. Statistics of 12 instances from Eclipse, Gnome, Mozilla.

Instance Eclipse

Gnome Mozilla

nrp-el nrp-e2 nrp-e3 nrp-e4|nrp-gl nrp-g2 nrp-g3 nrp-g4|nrp-ml nrp-m2 nrp-m3 nrp-m4

# Requirements 3502 4254 2844 3186

Requirement cost 1-7 1-7 1-7 1-7
Customer profit

2690 2650 2512 2246 | 4060 4368 3566 3643
# Customers 536 491 456 399 | 445

315 423 294 | 768 617 765 568
1-7 1-7 1-7 1-7 1-7 1-7 1-7

10-50 10-50 10-50 10-50 | 10-50 10-50 10-50 10-50| 10-50 10-50 10-50 10-50
#Requests by customer| 4-20 5-30 4-15 5-20 | 4-20

5-30 4-15 5-20 | 420 5-30  4-15 5-20

A bug report is an online document that records the descrip-
tion of a newly-submitted bug [21]. The values of instances
are obtained according to different bug report data as well as
related testers or end users. Table 1 lists the basic statistics
of these NRP instances from three projects. Each project
consists of four instances.

In our study, we examined five objectives in the ManyNRP.
As mentioned in Section II-B, diverse application scenar-
ios can lead to many objectives. This study does not aim
to exhaustively check the results of all existing objectives.
Instead, we aim to propose a general method to explore
solutions to the ManyNRP; meanwhile, under the assumption
of many objectives, we do not discuss which single solution
is the best. Our study involves five objectives as follows.

1) MAXIMUM OF CUSTOMER PROFITS

The sum of customer profits is the major objective in the early
stage of the NRP. The profits to the company is the original
intention of proposing the NRP model [3]. We define this
objective as follows,

maximize f1(X) = Z wi.

sieX

2) MINIMUM OF REQUIREMENTS COSTS

The sum of requirements costs is expected to be the mini-
mum. In the first original model [3], the cost of implementing
requirements is a pre-defined budget. Then Zhang et al. [22]
first treated this budget as a minimum objective. We define it
as follows,

minimize f>(X) = Z Cj.

r;€R(X)

3) COVERAGE OF REQUIREMENTS FOR CUSTOMERS

From the perspective of the company, an ideal solution is
to satisfy all requirements that are requested by customers.
Finkelstein et al. [6] proposed the first analysis to check
the coverage of requirements by all customers. In our study,
we check this coverage via minimizing the standard devia-
tion of satisfied requirements for all customers. Let o (v) be
the standard deviation of a set of values {v}, i.e., o(v) =
VY (v — V)2, where ¥ is the average of elements in {v}. Let
R(s;) be the set of satisfied requirements for the customer
s;, 1.e., R(s;)) = UrjeR(X)’qi,jzl{rj}. Note that from the def-
inition of R(s;), even not all requirements from a customer
are satisfied, a part of requested requirements can be counted
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for a customer. For instance, if a customer requests for five
requirements, then three out of five can be in the next release
via satisfying requirements for other customers. The objective
is defined as follows,

minimize f3(X) = o (|R(s;)|)

where | - | is the cardinality of a set -.

4) FAIRNESS OF CUSTOMERS

The ratio between the satisfied requirements and the total
requests is important to a customer. Harman et al. [2] have
analyzed the sensitivity of implementing requirements for
customers. We define the fairness of customers via dividing
the number of satisfied requirements by the total requests.
Let A(s;) be the set of total requested requirements and
A(si) = Ug, ;=1{rj}. This objective is defined as follows,

minimize f4(X) = o (%> '

5) FAIRNESS OF RESOURCE ALLOCATION

Finally, we examine the fairness of the resource allocation
in requirements selection, i.e., how much is spent to develop
requirements for one customer [6]. This objective is defined
as follows,

minimize f5(X) = o Z Cj

rjeR(si)

We implemented the experiment via Java JDK 1.7 on the
top of the MOEA framework* and the jMetal 1ib> [23]. In the
experiment, each algorithm with each setup repeats running
for 30 times and the maximum number of iterations during
one run is set to 5000. Section III-B will introduce the five
optimization algorithms under evaluation.

B. ALGORITHMS UNDER COMPARISON

Our study is to explore the effectiveness of several existing
evolutionary optimization algorithms. Therefore, we briefly
introduce the algorithms under evaluation: NSGA-II, DBEA,
NSGA-III, eMOEA, and IBEA. We selected these five algo-
rithms because these algorithms are widely used. These
algorithms can be roughly divided into five categories,

4MOEA framework, http://moeaframework.org/.
5 jMetal, http://jmetal.sourceforge.net/.
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i.e., optimization via genetic algorithms, decomposition, ref-
erence points, e-dominance, and the indicator, respectively
[11], [15].

NSGA-II [10] is a well-known evolutionary algorithm
for multi-objective optimization. When facing two objec-
tives, NSGA-II can easily detect the dominance between two
solutions, i.e., the relationship that a solution is better than
another. This makes NSGA-II robust for most application
scenarios of multi-objective optimization.

DBEA [24] is a typical decomposition-based evolutionary
algorithm that is designed for many-objective optimization.
DBEA generates uniformly distributed reference points via
sampling techniques and tends to balance the convergence
and the diversity. A reference point denotes a known best
solution under a particular objective.

NSGA-III [15] is an upgraded version of NSGA-II and
targets the difficulty of ranking solutions under the scenario
of many-objective optimization. The fundamental difference
between NSGA-III and its previous version NSGA-II is the
niche preservation operation [11]. NSGA-III starts its search
from a set of reference points. This makes NSGA-III outper-
form NSGA-II in many applications, but fail in the robust-
ness.

eMOEA [25] is an e-dominance-based algorithm for
multi-objective optimization. The € value is a small constant.
The kernel idea of eMOEA is to divide the objective space
into hyper-boxes with a given size € and cluster nondomi-
nated solutions to each box.

IBEA [26] is an indicator-based evolutionary algorithm.
This algorithm combines arbitrary indicators to adapt to the
preference without requiring any additional diversity preser-
vation mechanism during calculation.

C. EVALUATION METRICS

We evaluated the algorithms via six metrics. Table 2 briefly
describes the metrics in the evaluation for the sake of space.
In the description, the approximation set and the reference
set represents two sets of solutions: one approximates all
obtained solutions and the other denotes the defined best
solutions or the setup. We also list the preferred values of
each metric. For instance, a high value of HV denotes a better
Pareto space while a low value of Epsilon denotes a close
distance between obtained solutions and optimal solutions.

TABLE 2. Evaluation metrics for many-objective optimization.

Details of calculating these metrics can be found in [10], [11],
[15], [27], and [28]. Among the metrics, the hypervolume is
used as the major metric in existing studies.

D. RESEARCH QUESTIONS

In this exploratory study, we focus on four Research
Questions (RQs), including the effectiveness of optimization,
the significance of results, the distribution of metric values,
and the correlation between metrics, respectively.

RQI: How effective can existing optimization algorithms
perform on the ManyNRP?

Effectiveness is the most important goal of evaluating
optimization. In RQ1, we compare the results by five evo-
lutionary optimization methods via evaluating six metrics.
A method that reaches the best results is the first choice in
practice.

RQ2: Is the comparison among algorithms statistically
significant?

Statistical significance can aid the evaluation of results.
In particular, significant results can be used to identify
whether two methods can be distinguished by checking their
results. RQ2 is designed to check the significance between
metric values.

RQ3: How do metric values distribute on benchmark
instances?

In RQ3, we examine the distribution of metrics values on
12 benchmark instances. Such distribution can help under-
stand the results of particular algorithms as well as instances.

RQA4: Ts there any correlation between metric values?

We speculate that there may exist correlations between
metric values. Therefore, such a correlation can reduce the
duplicate evaluation in under limited resources. The aim of
RQ4 is to examine the existence of the correlation between
metric values.

IV. RESULTS
We conducted an exploratory study via answering four RQs.

A. RQ1. HOW EFFECTIVE CAN EXISTING OPTIMIZATION
ALGORITHMS PERFORM ON THE ManyNRP?

Tables 3,4, and 5 present the comparison results of six metrics
by five optimization algorithms on 12 benchmark instances
from three projects, Eclipse, Gnome, and Mozilla. Each table

Abbr. Metric Preferred | Description
HV Hypervolume High | Volume of objective space, which is dominated by solutions in the
approximation set
Epsilon Epsilon Low Minimum value of e for the approximation set to the e-dominate

IGD | Inverted generational distance Low

Spacing Spacing High
GD Generational distance Low
MPFE | Maximum Pareto front error Low

reference set

Average distance from solutions in the reference set to the nearest
solution in an approximation set

Spread space of the Pareto front

Average distance from solutions in an approximation set to the
nearest solution in the reference set

Maximum distance from solutions in an approximation set to the
nearest solution in the reference set

VOLUME 6, 2018
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TABLE 3. Comparison of six metrics by five optimization algorithms on four instances from Eclipse.

Instance | Metric NSGA-II DBEA NSGA-III eMOEA IBEA
Average St.dev. | Average St.dev. | Average St.dev. | Average St.dev. | Average St.dev.
nrp-el HV 0.0636 0.0105 | 0.0479 0.0056 | 0.0431 0.0037 | 0.1796 0.0197 | 0.2434 0.0220
Epsilon | 0.4184 0.0323 | 0.4703 0.0196 | 0.4952 0.0181 | 0.2877 0.0240 | 0.4504 0.0735
IGD 0.4129 0.0367 | 0.4886 0.0245| 0.5066 0.0222 | 0.2364 0.0209 | 0.2880 0.0142
Spacing | 35.3915 4.4081 | 32.2177 6.3386 | 28.0043 5.0479 | 37.1086 11.2747 | 23.0579 4.1539
GD 0.0176 0.0020 | 0.0205 0.0015 | 0.0151 0.0008 | 0.0102 0.0015 | 0.0057 0.0013
MPFE | 0.3666 0.0530 | 0.3881 0.0459 | 0.4236 0.0346 | 0.2379 0.0473 | 0.1096 0.0178
nrp-e2 HV 0.0495 0.0098 | 0.0300 0.0035| 0.0317 0.0039 | 0.1895 0.0238 | 0.2376 0.0260
Epsilon | 0.4295 0.0353 | 0.5135 0.0213 | 0.5026 0.0269 | 0.3317 0.0478 | 0.4756 0.0657
IGD 0.4664 0.0408 | 0.5870 0.0286 | 0.5688 0.0303 | 0.2104 0.0250 | 0.2314 0.0116
Spacing | 28.8525 4.1599 | 27.2492 7.0230 | 23.8403 4.6388 | 40.7649 19.2485 | 19.5849 2.9671
GD 0.0225 0.0013 | 0.0283 0.0018 | 0.0216 0.0016 | 0.0115 0.0024 | 0.0069 0.0016
MPFE | 04271 0.0487 | 0.4602 0.0358 | 0.4958 0.0376 | 0.2239 0.0375 | 0.1342 0.0236
nrp-e3 HV 0.0617 0.0119 | 0.0428 0.0049 | 0.0407 0.0047 | 0.1718 0.0195| 0.2456 0.0169
Epsilon | 0.4374 0.0476 | 0.4996 0.0293 | 0.5248 0.0292 | 0.2869 0.0355 | 0.4703 0.0576
IGD 0.4261 0.0427 | 0.5178 0.0295| 0.5284 0.0308 | 0.2356 0.0215 | 0.2569 0.0104
Spacing | 31.8915 3.8521 | 28.0487 4.7311 | 25.4828 3.3923 | 34.8478 9.8551 | 22.0446 3.8164
GD 0.0188 0.0019 | 0.0228 0.0016 | 0.0170 0.0009 | 0.0111 0.0018 | 0.0052 0.0014
MPFE | 04118 0.0755| 0.4294 0.0457 | 0.4711 0.0374 | 0.2599 0.0306 | 0.1027 0.0243
nrp-e4 HV 0.0594 0.0109 | 0.0353 0.0040 | 0.0388 0.0038 | 0.1926 0.0259 | 0.2436 0.0244
Epsilon | 0.4102 0.0324 | 0.4988 0.0240 | 0.4804 0.0197 | 0.3107 0.0598 | 0.4419 0.0577
IGD 0.4458 0.0409 | 0.5760 0.0276 | 0.5585 0.0288 | 0.2173 0.0262 | 0.2202 0.0126
Spacing | 26.2581 3.7315 | 23.9731 4.5078 | 21.4080 4.5883 | 30.9555 16.9687 | 18.1514 4.9312
GD 0.0226 0.0015 | 0.0285 0.0017 | 0.0212 0.0018 | 0.0122  0.0026 | 0.0065 0.0017
MPFE | 04186 0.0449 | 0.4596 0.0427 | 0.4854 0.0317 | 0.2415 0.0440 | 0.1236 0.0203
TABLE 4. Comparison of six metrics by five optimization algorithms on four instances from Gnome.
Instance | Metric NSGA-II DBEA NSGA-III eMOEA IBEA
Average St.dev. | Average St.dev. | Average St.dev. | Average  St.dev. | Average St.dev.
nrp-gl HV 0.0718 0.0091 | 0.0573 0.0061 | 0.0537 0.0043 | 0.1597 0.0164 | 0.2369 0.0154
Epsilon | 0.3854 0.0391 | 0.4414 0.0237 | 0.4599 0.0224 | 0.3074 0.0326 | 0.5037 0.0548
IGD 0.3874 0.0437 | 0.4549 0.0296 | 0.4852 0.0219 | 0.2275 0.0203 | 0.2330 0.0120
Spacing | 39.1313 5.2991 | 32.3945 4.7334 | 27.0398 3.5062 | 37.6957 9.3681 | 23.2689 4.1955
GD 0.0174 0.0019 | 0.0185 0.0012 | 0.0146 0.0007 | 0.0104 0.0013 | 0.0045 0.0013
MPEE | 0.3661 0.0645| 0.3765 0.0358 | 0.4211 0.0353 | 0.2686  0.0266 | 0.0925 0.0205
nrp-g2 HV 0.0611 0.0140 | 0.0422 0.0049 | 0.0429 0.0035 | 0.1661 0.0174 | 0.2289 0.0220
Epsilon | 0.4201 0.0367 | 0.4981 0.0291| 0.4781 0.0223 | 0.3667 0.0703 | 0.5303 0.0742
IGD 0.4425 0.0483 | 0.5281 0.0300 | 0.5199 0.0193 | 0.2229 0.0214 | 0.2195 0.0113
Spacing | 27.4585 3.3214 | 24.2837 4.3163 | 21.2561 3.4877 | 32.4265 11.9229 | 19.0681 4.1038
GD 0.0210 0.0022 | 0.0241 0.0014 | 0.0185 0.0007 | 0.0119 0.0021 | 0.0060 0.0014
MPFE | 0.3918 0.0584 | 0.4290 0.0317 | 0.4665 0.0393 | 0.2529 0.0305 | 0.1165 0.0199
nrp-g3 HV 0.0519 0.0079 | 0.0428 0.0044 | 0.0398 0.0046 | 0.1388 0.0120 | 0.2195 0.0152
Epsilon | 0.4460 0.0335| 0.4866 0.0209 | 0.5042 0.0242 | 0.3378 0.0387 | 0.5473 0.0525
IGD 0.4272 0.0371 | 0.4833 0.0315| 0.5017 0.0263 | 0.2378 0.0202 | 0.2761 0.0170
Spacing | 37.0275 4.7816 | 30.7234 5.3785 | 28.0919 3.1684 | 37.9204 10.7281 | 24.2615 4.2260
GD 0.0185 0.0029 | 0.0173 0.0010 | 0.0142 0.0008 | 0.0104 0.0013 | 0.0052 0.0012
MPFE | 0.3833 0.0729 | 0.3624 0.0391 | 0.4219 0.0470 | 0.2775 0.0403 | 0.1016 0.0162
nrp-g4 HV 0.0613 0.0088 | 0.0425 0.0039 | 0.0436 0.0045 | 0.1553 0.0180 | 0.2033 0.0160
Epsilon | 0.3796 0.0356 | 0.4891 0.0295| 0.4687 0.0272| 0.3555 0.0602 | 0.5535 0.0507
IGD 0.3945 0.0412 | 0.4983 0.0271 | 0.4912 0.0297 | 0.2241 0.0249 | 0.2248 0.0074
Spacing | 25.7297 3.6031 | 25.3051 5.7642 | 20.1746 2.7866 | 30.3883  8.9940 | 17.6958 3.5993
GD 0.0191 0.0018 | 0.0217 0.0015| 0.0165 0.0006 | 0.0123  0.0019 | 0.0048 0.0011
MPFE | 0.3808 0.0623 | 0.4083 0.0354 | 0.4490 0.0407 | 0.2643 0.0413 | 0.1005 0.0213

consists of four instances; the results are shown with the
average of 30 repeats and their standard deviation. Among
five optimization algorithms, eMOEA and IBEA perform the
best on 12 instances; NSGA-II can obtain several best values
when evaluating Spacing; DBEA and NSGA-III never reach
the best results during the comparison.

Table 3 shows the evaluation results on instances from
Eclipse. Two algorithms eMOEA and IBEA beat all the other

60552

three algorithms. For three metrics, HV, GD, and MPFE,
IBEA gets the best results of all four instances; for the other
three metrics, eMOEA gets the best. As shown in Table 3,
the results on four instances are stable.

Table 4 shows the evaluation results on instances from
Gnome. Two algorithms eMOEA and IBEA again show the
best results on all the metrics but one: NSGA-II obtains the
best value when evaluating Spacing. The results from Gnome
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TABLE 5. Comparison of six metrics by five optimization algorithms on four instances from Mozilla.

Instance | Metric NSGA-II DBEA NSGA-III eMOEA IBEA
Average St.dev. | Average St.dev. | Average St.dev. | Average St.dev. | Average St.dev.
nrp-ml HV 0.0715 0.0104 | 0.0587 0.0047 | 0.0569 0.0053 | 0.2024 0.0221 | 0.2646 0.0266
Epsilon | 0.4111 0.0289 | 0.4653 0.0182 | 0.4699 0.0196 | 0.2979 0.0419 | 0.5317 0.0621
IGD 0.4128 0.0316 | 0.4907 0.0201 | 0.4962 0.0255| 0.2486 0.0215 | 0.2815 0.0142
Spacing | 42.5381 5.0552 | 37.1650 9.1365 | 31.7868 3.6763 | 37.3875  7.9698 | 26.5020 5.2472
GD 0.0179 0.0018 | 0.0219 0.0016 | 0.0161 0.0011 | 0.0085 0.0019 | 0.0047 0.0012
MPFE | 0.3500 0.0371| 0.3927 0.0335| 0.4273 0.0332 | 0.1964 0.0350 | 0.0982 0.0163
nrp-m2 HV 0.0558 0.0096 | 0.0385 0.0038 | 0.0405 0.0034 | 0.2000 0.0263 | 0.2414 0.0200
Epsilon | 0.4332 0.0322 | 0.5027 0.0218 | 0.4917 0.0213 | 0.3031 0.0457 | 0.4843 0.0683
IGD 0.4692 0.0416 | 0.5655 0.0274 | 0.5591 0.0234 | 0.2048 0.0263 | 0.2017 0.0113
Spacing | 32.8741 4.3874 | 30.5625 6.3959 | 26.7131 5.1740 | 41.1778 16.4846 | 22.5081 5.3236
GD 0.0232 0.0019 | 0.0283 0.0020 | 0.0206 0.0013 | 0.0115 0.0026 | 0.0056 0.0014
MPFE | 04273 0.0466 | 0.4805 0.0295| 0.4846 0.0304 | 0.2240 0.0305 | 0.1175 0.0219
nrp-m3 HV 0.0576 0.0080 | 0.0525 0.0037 | 0.0472 0.0027 | 0.1548 0.0167 | 0.2185 0.0142
Epsilon | 0.3991 0.0269 | 0.4591 0.0295| 0.4686 0.0142 | 0.3372 0.0317 | 0.5837 0.0492
IGD 0.4007 0.0290 | 0.4450 0.0245| 0.4770 0.0161 | 0.2343 0.0186 | 0.2885 0.0169
Spacing | 45.8165 6.2196 | 35.7644 5.9564 | 32.7930 4.7985 | 41.2407 10.6846 | 27.9683 6.1419
GD 0.0188 0.0023 | 0.0208 0.0017 | 0.0168 0.0008 | 0.0086 0.0017 | 0.0051 0.0012
MPFE | 0.3683 0.0536 | 0.3796 0.0298 | 0.4482 0.0502 | 0.2164 0.0267 | 0.0967 0.0162
nrp-m4 HV 0.0554 0.0115| 0.0380 0.0045 | 0.0402 0.0030 | 0.1828 0.0280 | 0.2255 0.0216
Epsilon | 0.4050 0.0426 | 0.4942 0.0250 | 0.4715 0.0184 | 0.3623 0.0434 | 0.5472 0.0689
IGD 0.4456 0.0489 | 0.5492 0.0261 | 0.5444 0.0257 | 0.2068 0.0290 | 0.2074 0.0122
Spacing | 30.1297 5.3949 | 26.4829 4.4128 | 24.1971 4.6738 | 34.4085 14.0434 | 20.5137 3.3458
GD 0.0230 0.0018 | 0.0269 0.0019 | 0.0204 0.0014 | 0.0117 0.0027 | 0.0058 0.0014
MPFE | 0.4038 0.0486 | 0.4425 0.0232| 0.4698 0.0344 | 0.2392 0.0485 | 0.1106 0.0196

are not as stable as those from Eclipse. For example, in the
instance nrp-g2, IBEA can obtain the best values for four
metrics; eMOEA loses the best value for the IGD metric. Two
algorithms DBEA and NSGA-III again fail in reaching the
best results on all the instances.

Table 5 shows the evaluation results on instances from
Mozilla. IBEA obtains the best values for most metrics;
eMOEA also obtains many best values; NSGA-II reaches the
best Spacing values on three instances, nrp-m1, nrp-m2, and
nrp-m3. Compared across Tables 3, 4, and 5, results from
Mozilla are the most unstable ones.

As shown in the empirical results, NSGA-III is not suitable
for solving the ManyNRP although it is designed to break the
assumption of multi-objective optimization. This experiment
also verifies that several typical algorithms are robust to
different scenarios, such as NSGA-II and IBEA. This is to
some extent consistent with existing observations [15], [29].

Finding 1. To sum up, our results empirically show that
IBEA and eMOEA are two best techniques for solving the
ManyNRP. If counting the number of best results of met-
rics, IBEA wins. If considering different metrics, IBEA is
the best choice for evaluating HV, GD, and MPFE; eMOEA
is the best choice for evaluating Epsilon, GD, and Spacing.

B. RQ2. IS THE COMPARISON AMONG ALGORITHMS
STATISTICALLY SIGNIFICANT?

We evaluated the statistical significance among algorithm
results. As mentioned in Section IV-A, Tables 3, 4, and 5 have
shown that the difference among algorithms can be directly
observed and stable. Therefore, we leveraged the statistical
tests to support the above results.
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We used the Mann-Whitney U test to calculate the statis-
tical significance. The Mann-Whitney U test, also called the
Wilcoxon rank-sum test, is employed to determine whether
two independent set of samples are selected from the same
distribution.

We selected two metrics to compare the significance: HV
and Spacing. We chose HV since this metric is the most
widely used one in evaluating many-objective optimization;
we chose Spacing since NSGA-II can only perform the best
for this metric. Tables 6 and 7 show the statistical significance
between two algorithms for HV and Spacing, respectively.
Only half of the matrixes are shown because the significance
is symmetric.

TABLE 6. Significance of the hypervolume metric by the Mann-Whitney U
test among five algorithms.

NSGA-II'  DBEA  NSGA-III eMOEA IBEA
NSGA-II -
DBEA 0 -
NSGA-III 0 0.4758 -
eMOEA 0 0 0 -
IBEA 0 0 0 0 -

TABLE 7. Significance of the spacing metric by the Mann-Whitney U test
among five algorithms.

NSGA-II' DBEA NSGA-III eMOEA IBEA
NSGA-II -
DBEA 0 -
NSGA-III 0 0 -
eMOEA 0 0 0 -
IBEA 0 0 0 0 -

As shown in Table 6, most of results between each pair of
algorithms are statistical significant. That is, the difference
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FIGURE 2. Box-plots of the hypervolume by eMOEA and IBEA.
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FIGURE 3. Box-plots of the IGD by eMOEA and IBEA.

between two algorithms exist and could be perceived. One
exception is the pair of NSGA-III and DBEA. As mentioned
in Section IV-A, both algorithms perform not well. It is
possible that results by these two algorithms behave similar.

As shown in Table 7, results between each pair are statisti-
cal significant. For the Spacing metric, all pairs of results can
be distinguished.

Finding 2. After calculating the statistical significance via
the Mann-Whitney U test, we found that results by most
of pairs of algorithms are statistically significant. That is,
these algorithms can be easily distinguished.

C. RQ3. HOW DO METRIC VALUES DISTRIBUTE ON
BENCHMARK INSTANCES?

To better understand the distribution of results by many-
objective optimization, we leveraged the box-plots to show
the quantiles of the evaluation. Figs. 2, 3, and 4 show the box-
plots of two algorithms, eMOEA and IBEA, for three metrics,
the hypervolume, the IDG, and the Spacing.

As shown in Fig. 2, IBEA always achieves better results
than eMOEA. Among 12 instances, the second quantile (the
value with the 25% ranking from low to high) of IBEA
is higher than the fourth quantile (the value with the 75%
ranking from low to high) of eMOEA. This result indicates
that the difference of the hypervolume metric values between
two algorithms is easy to be identified.

In Fig. 3, the median values by eMOEA are better
than those by IBEA on 9 out of 12 instances. In 8 out
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of 12 instances, the middle 50% values (from 25% to 75%
ranking) have an overlap between two algorithms.

As shown in Fig. 4, eMOEA outperforms IBEA. In 11 out
of 12 instances, there is no overlap for the middle 50 % values
between two algorithms. One exceptional instance is nrp-
ed: a tiny overlap exists. Compared across Figs. 2, 3, and 4,
the Spacing metric leads to more outliers than the other two
metrics.

Finding 3. The distribution of metric values of eMOEA and
IBEA seems stable. We observed that IBEA beats eMOEA
for the hypervolume metric while eMOEA beats IBEA for
the Spacing metric.

D. RQ4. IS THERE ANY CORRELATION AMONG

METRIC VALUES?

As shown in Section I'V-A, several metric values seem to be
correlative. We explored such correlations via the Pearson
correlation coefficient. Given two sets of samples Y and Z,
where y; € Y and z; € Z (1 < i < g), the Pearson correlation
coefficient is defined as follows,

YL 0= PG —2)
JEL 0= 92 2L i - 22

where y and 7 denote the average values of y; and z;, respec-
tively. The Pearson correlation coefficient belongs to [—1, 1]:
a positive value indicates one set of samples increases while
the other increases; a negative value indicates one set of sam-
ples decreases with the other increases [30]. A high absolute
value shows that two sets of samples are highly correlative.

Pearson(Y,Z) =
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FIGURE 4. Box-plots of the Spacing by eMOEA and IBEA.

In our study, we focus on the absolute values of the Pearson
correlation coefficient. We selected two algorithms eMOEA
and IBEA; the correlation is calculated on three instances,
nrp-el, nrp-gl, and nrp-m1. Tables 8 and 9 show the Pearson
correlation coefficient among metric values. We highlight the
absolute values over 0.5000.

TABLE 8. Pearson correlation between metrics for eMOEA.

nrp-el
IGD Spacing

HV Epsilon GD MPFE

HV -
Epsilon | 0.0075 -

IGD |-0.5367 0.1601 -
Spacing |-0.2238 0.1793 -0.2480 -

GD [-0.7574 0.1533 0.2153 0.2376 -
MPEFE |-0.7784 0.2753 0.5677 0.1558 0.6691 —
nrp-gl
HV Epsilon IGD Spacing

GD MPFE

HV -
Epsilon | 0.1246 -

IGD [-0.8068 -0.2268 -
Spacing | -0.0849 -0.1022 -0.0796 -

GD|-0.7090 0.2804 0.5390 0.0924 -
MPFE |-0.5747 -0.3125 0.6598 0.2099 0.2701 =
nrp-m1
HV Epsilon IGD Spacing

GD MPFE

HV -
Epsilon |-0.4510 -

IGD [-0.7459 0.1431 -
Spacing |-0.0918 0.2566 -0.2038 -

GD |-0.8040 0.5755 0.4390 0.1496 -
MPFE |-0.7000 0.4510 0.5268 0.0058 0.7700 -

As the results of eMOEA shown in Table 8, HV, IGD, GD,
and MPFE are four metrics that contain high correlations.
We can speculate that given limited resources, only evaluating
HYV, Epsilon, and Spacing could be adequate.

As the results of IBEA shown in Table 9, HV and Epsilon
contain high correlations; GD and MPFE contain high corre-
lations. Correlation values on the instance nrp-gl show that
there are many highly correlative metrics.

Finding 4. The result of Pearson correlation coeffi-
cient shows that there indeed exist high correlations
between metrics, between HV and IGD, between 1GD
and GD, or between HV and Epsilon. If an experiment is
conducted under limited resources, evaluation with several
metrics can be omitted.
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TABLE 9. Pearson correlation between metrics for IBEA.

nrp-el
HV Epsilon IGD Spacing

GD MPFE

HV -
Epsilon | -0.6879 -

IGD [-0.2194 0.5116 -
Spacing | 0.3632 -0.2698 -0.3044 -

GD|-0.6292 0.0406 -0.2327 -0.1611 -
MPFE |-0.3710 -0.0527 -0.3055 0.0628 0.8041 -
nrp-gl
HV Epsilon IGD Spacing

GD MPFE

HV -
Epsilon |-0.5847 -

IGD |-0.5049 0.7215 -
Spacing | 0.0249 -0.5234 -0.4474 -

GD [-0.4351 -0.2123 -0.4088 0.5576 -
MPFE |-0.1725 -0.4117 -0.5222 0.5382 0.8335 -
nrp-ml
HV Epsilon IGD Spacing

GD MPFE

HV -
Epsilon | -0.8277 -

IGD |-0.4437 0.6269 -
Spacing | 0.3501 -0.4590 -0.3014 -

GD [-0.7297 0.3328 -0.0174 -0.0098 -
MPFE |-0.4795 0.1901 -0.1550 0.1178 0.7742 -

V. THREATS TO VALIDITY
We present the threats to the validity of our study in four
categories.

A. MORE INSTANCES CAN HELP

In our study, 12 instances from three projects are used to eval-
uate five optimization algorithms. Our study aims to exhibit
the evidence on relatively-realistic requirements data. Using
these 12 instances is a common way for the evaluation on
real-world data of requirements selection [8], [13], [17]-[20].
As mentioned in Section III-A, requirements data is private
and important to software companies, especially commercial
companies. These 12 instances can be viewed as a trade-off
between real-world data and feasible experiments.

B. WHY OPTIMIZATION ALGORITHMS

BEHAVE DIFFERENT

This study contains five optimization algorithms, includ-
ing NSGA-II, DBEA, NSGA-III, eMOEA, and IBEA.
Experiments in Section IV-A show that several algorithms
do not behave as what they are expected. For instance,
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NSGA-III does not perform well. Similar to results from the
community of evolutionary computation, we can speculate
that NSGA-III may be not as robust as NSGA-II or IBEA.
However, we cannot find any solid evidence to support why
IBEA performs much better than NSGA-III. Meanwhile,
to the best of our knowledge, most of studies from the com-
munity of evolutionary computation also use empirical results
to compare the effectiveness of algorithms.

C. HOW MANY OBJECTIVES CAN BE CALLED “MANY”

In Section II-B, we have introduced the difference between
multi-objective optimization and many-objective optimiza-
tion. This does not help determine how many objectives can
be called “many”. This is a challenging problem, even in
the community of evolutionary computation [11]. Since the
Pareto frontier is hardly obtained for over four objectives,
we keep using experiments to evaluate the solutions to the
ManyNRP.

VI. RELATED WORK

The task of requirements selection can be conducted via two
categories: selecting customers or selecting requirements.
Due to the historical reason, the division between these two
categories is a little vague. Generally, selecting customers
as well as their profits falls into the category of the next
release problem [2], [6], [13] while selecting requirements
as well as their costs falls into the category of the release
planning problem [31], [32]. As mentioned in Section II-C,
selecting requirements or customers can be directly trans-
ferred into each other. For instance, several existing studies
such as Sarro er al. [29] have not distinguished these two
categories.

The research of the NRP has achieved fruitful results [3],
[5], [7], [13], [18], [19]. Zhang et al. [22] have formulized
the NRP into a multi-objective optimization problem and
have solved it with several typical optimization methods.
Finkelstein et al. [6] have proposed the fairness analysis
to aid the decision of the NRP. Harman et al. [2] have
designed an exact and scalable analysis for the sensitivity of
the multi-objective NRP. This work provides detailed com-
parison and understanding for the application scenario of the
NRP. Ren et al. [8] conducted a feature-based analysis to
explore the hardness of solving the NRP instances.

Different from the above work, this paper aims to conduct
an explorative study on the effectiveness of optimization
algorithms on the NRP with five objectives. This problem
falls into the category of many-objective optimization in
requirements selection, which has not been studied before.
We evaluated five optimization algorithms with six metrics
on 12 benchmark instances.

Requirements selection has attracted much attention since
this problem is practical in daily software design and develop-
ment. Fricker and Schumacher [31] conducted an industrial
study for the release planning with tree-structured features.
Li et al. [33] refined the requirements that are requested
by customers to formal methods. Hierons et al. [34] have
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examined and optimized software product line via feature
models.

Optimization is a key topic of search-based software
engineering. Zheng et al. [35] proposed the paradigm of
multi-objective optimization for regression testing. Ferrucci
et al. [36] studied the multi-objective optimization for soft-
ware planning for overtime requirements. Ren et al. [37]
developed the co-evolutionary technique for project staff
assignments and job scheduling. Mkaouer et al. [38] have
studied the many-objective optimization for software refac-
toring via multiple quality attributes. Xuan et al. [39] and
Chi et al. [40] designed optimization methods to enhance the
existing test suites to improve the efficiency of test execu-
tion. Recently, Chen et al. [41] proposed a new paradigm of
optimization algorithms to replace the role of evolutionary
computing techniques in search-based software engineering.

VIl. CONCLUSIONS

We conducted an exploratory study on the effectiveness of
finding solutions to the ManyNRP. This study has examined
the results of five algorithms on 12 NRP instances via eval-
uating six metrics. Experimental results show that IBEA is
the best among optimization algorithms under comparison.
Our study suggests a general way to study the ManyNRP and
provides a preliminary analysis for similar problems.

Our future work is to design a new algorithm for many-
objective optimization by analyzing which factor impacts
IBEA (or eMOEA) most. We also plan to propose other
objectives for the practice of the NRP.
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