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ARTICLE INFO ABSTRACT

MSC: Agile software development methodologies are used to meet the changing needs in the market. The most
00-01 popular framework among these methodologies is the Scrum framework. In Scrum planning, the assignment
99-00 of user stories to sprints requires the consideration of multiple objectives to use the limited resources more
Keywords: effectively. In this paper, a multi-objective mixed-integer programming model is developed which considers
Agile software development three objectives: maximizing the sprint capacity usage, maximizing the assignment of user stories with high
Sprint planning priority to primary sprints, and maximizing the assignment of affine user stories to the same sprint. The aim
Scrm,n L is to contribute to both theory and practice of Scrum planning considering multiple objectives. Additionally,
Multi-objective model . . . . . . .

NSGA-II different from the existing literature of Scrum planning, alternative user stories are also taken into account. The
SPEA2 proposed model is applied to the small, medium, and big-sized instances of the problem taken from a real-

life system. Non-dominated Sorting Genetic Algorithm (NSGA-II) and Strong Pareto Evolutionary Algorithm
(SPEA2) are used as heuristic approaches since big-sized instances of the problem could not be solved using
optimization approaches. To analyze the performances of these algorithms, Hypervolume (HV), Epsilon (e),
Generational Distance (GD), Inverted Generational Distance (IGD), Inverted Generational Distance Plus (IGD+),
and Spread (4) indicators are used. Results showed that NSGA-II performs better than SPEA2 according to ¢
indicator for big-sized instance. On the other hand, SPEA2 performs better than NSGA-II according to HV,
GD, IGD, IGD+, and 4 indicators. However, the results are very close to each other for HV, ¢, IGD, and IGD+
indicators. In conclusion, both algorithms can be used to deal with the multi-objective Scrum planning problem.

1. Introduction

Companies use various software development models in their In-
formation Technology (IT) Departments. There are seven models of
the software development process according to Galin [1]: software
development life cycle (SDLC) model, prototyping model, spiral model,
object-oriented methodology, incremental delivery model, staged mod-
els, and agile methodology models. Since the 1990s, modern agile
methods have been evolved. The agile philosophy provides continuous
delivery in short periods. In this way, the adoption of agile management
leads to high-quality products with fast delivery. Companies that need
flexibility in their IT Departments can also apply agile methodology
which is an iterative and incremental model. Liker [2] stated that
Agile thinking started with Toyota Production System (TPS) which is
mostly known as Lean. Then, Rapid Application Development (RAD)
stemmed from Tom Gilb’s Evolutionary Project Management (EVO) [3]
and Barry Boehm’s Spiral [4] approaches in the 1990s. Another key
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agile framework was created in the late 1990s as eXtreme Programming
(XP) [5]. In 2001 Agile Manifesto is announced. According to this
manifesto, software developers and consultants stated that they give
value to [6]:

+ Individuals and interactions over processes and tools;
» Working software over comprehensive documentation;
» Customer collaboration over contract negotiation;

» Responding to change over following a plan.

Following the agile manifesto, agile methodologies have become so
popular and as stated by Dingsgyr et al. [7] an important number of
countries contributed to the research of agile. Of course, it is not easy to
transform a company to agile especially if the company is a large-scale
one. Dikert et al. [8] proposed a systematic literature review study of
industrial large-scale agile transformations. According to their study,
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the most salient success factor categories were management support,
choosing and customizing the agile model, training and coaching, and
mindset and alignment. One of the difficulties that companies faced is
planning while customizing the selected agile model.

Choosing the agile software development method is very important
and Dynamic System Development Method, Crystal, Feature Driven
Development, Lean and Test Driven Development are some of them.
Besides these methods, Scrum is one of the most popular frameworks
in agile software development because of its simplicity and high perfor-
mance [9]. Companies use Scrum to deliver products by completing the
projects creatively and productively. According to Scrum Guide which
is prepared by Schwaber and Sutherland [10], Scrum is founded on
empiricism, so the building blocks of Scrum Theory are transparency,
inspection, and adaptation. The Scrum framework consists of Scrum
Team, values, events, and artifacts.

Schwaber and Sutherland [10] stated that the heart of the Scrum
framework is a sprint which is a fixed time period of about 1 month or
less. Sprint planning is a timeboxed Scrum event that initiates the Sprint
in Scrum framework. At the beginning of every Sprint, planning is
done by the Scrum Team. In sprint planning, the work to be performed
through sprint is arranged. The Product Owner is accountable for man-
aging planning events to discuss the most important Product Backlog
Items (user stories) to hit the product goal. To help this planning
session, in this study, we created a mixed-integer multi-objective math-
ematical model to assign user stories to sprints considering priority,
AND precedence, OR precedence, affinity, alternative usage, the effort
of user stories, and capacity of sprints. By solving the proposed model,
it is aimed at finding a proper schedule for the project. The solution
obtained from the model can be used by Scrum Team to plan the
next sprint. Therefore, this model can be used in every Sprint Planning
session as the precedence of the user stories can be changed in time.
Also, some of the user stories could be completed according to the
Definition of Done (DoD) and some of them could not be completed
by the Scrum Team at the end of the Sprint, so a new plan is needed
for the rest of the user stories which are in the backlog to respond the
changes.

The proposed model is used to solve the Scrum planning problem
in the IT department of one of the biggest banks in Turkey. The bank
decided to use the Scrum framework in its IT department and they
needed a systematic approach for the planning of projects in addi-
tion to the empirical approach. Therefore, the proposed model in this
study is employed to satisfy their requirements to provide a systematic
Scrum planning. We applied our multi-objective model to the small
and medium-sized instances of the problem taken from this real life
application first, and we could solve these instances using optimization
approaches. However, the big-sized instances of the problem could
not be solved using optimization approach because of the NP-hard
structure of the problem [11]. The combinatorial structure of this
problem corresponds to the Generalized Assignment Problem (GAP)
which is known as an NP-hard problem [12]. Since the GAP is an NP-
hard problem even for a single objective function, the multi-objective
problem handled in this study is also NP-hard. Therefore, we used
heuristic approaches to deal with the big instances.

Heuristic approaches to multi-objective optimization problems are
classified, in general, as Pareto dominance-based, indicator-based, and
reference-based [13]. Pareto dominance-based approaches treat each
objective function separately to find a set of non-dominated solutions.
Indicator-based methods permit decision makers’ preferences to be im-
plicitly incorporated into the search. These algorithms employ quality
indicators to direct the selection process by assigning individuals to
an objective function. Reference-based methods, on the other hand,
allow decision makers’ preferences in the objective space to direct
search process. For details, interested readers can be referred to the
comprehensive study of Taha [13].

The aforementioned classes have certain advantages and disad-
vantages over each other. As the Pareto dominance-based category
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generates high-qualified results for the convergence metric [13], among
the approaches in this category, two genetic algorithms that are able
to find near-Pareto optimum solutions for multi-objective problems,
NSGA-II and SPEA2, were selected to solve big-sized instances of the
Scrum planning problem considered in this study. NSGA, which is a
multi-objective optimization algorithm (MOOA) developed by Srinivas
and Deb in 1994 [14] evolved to NSGA-II in 2002. In Deb et al.’s [15]
study, it is explained as an elitist multi-objective evolutionary algo-
rithm, which means that an already found Pareto optimal solution
would not be deleted. There are two key concepts in NSGA-II: a fast
non-dominated sorting of the population of solutions and a crowding
distance calculation mechanism. Also, crowded-comparison approach
in this algorithm is used to preserve diversity. According to this al-
gortihm, the user does not need to define any parameter to maintain
diversity among population members. SPEA is also a MOOA developed
by Zitzler and Thiele in 1999 [16] which is evolved to SPEA2 in 2001.
Strength value, raw fitness value, density value, fitness assignment,
and environmental selection are major concepts of SPEA2. According
to Zitzler et al. [17], SPEA2 has advantages over NSGA-II in higher
dimensional objective spaces.

In this study, the research question is “How can we form a project
plan for IT departments which use Scrum framework?”. For this pur-
pose, it is aimed to develop a multi-objective mathematical model to
form a project plan regarding the dependencies and constraints in IT
departments that use the Scrum framework. Additionally, we aimed
to contribute to both theory and practice of Scrum planning since
the studies in the literature of Scrum planning is limited. Only one
study prepared by Al-Zubaidi et al. [18] considers bi-objectives in
Scrum planning, which are different from the objectives focused on
the presented study. Also, the proposed model in this study takes triple
objectives into account in addition to the constraint of alternative user
stories.

The paper continues as follows. In the second section, previous
work on Scrum planning is explained. In the third section, the Scrum
concepts that we use in our model are described. The model is de-
scribed in detail in the fourth section. In the fifth section, NSGA-II and
SPEA2 algorithms are explained. In the sixth section, the application
is described. Also, the data collection and comparison of results are
discussed in this section. In the last section, the concluding remarks
are given.

2. Previous work on Scrum planning

In literature, there is a limited number of articles in which math-
ematical models are proposed and optimization techniques are used
to solve the Scrum Planning Problem. Golfarelli et al. [19] presented
an article to optimize sprint planning in agile data warehouse design
where the single objective is to maximize cumulative utility. In the ob-
jective function formulation, early placement of critical stories, which
has a strong impact on the other stories, and affinity of stories are taken
into account. Golfarelli et al. [20] also proposed a model on multi-
sprint planning and smooth replanning. In this article, as in Golfarelli
et al. [19], the objective function aims to maximize cumulative utility.
Also, the criticality risk is considered in the model in addition to
AND/OR precedences and affinity concepts to show relationships of
user stories. They used complexity to distinguish complex user stories
from easy ones and sprint capacity to obtain the maximum capacity of
sprints. Boschetti et al. [21] applied the Lagrangian heuristic for sprint
planning in agile software development. Similar to the other two arti-
cles, maximization of cumulative utility is used as the single objective
function under the consideration of criticality risk of user stories and
affinity aspects. Al-Zubaidi et al. [18] studied multi-objective iteration
planning in agile software development with two objectives and one
constraint. The first objective is to maximize the business value created
at the end of each sprint and the second is to maximize collective
contribution towards each sprint’s goal by selecting proper issues. They
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also used priority concept in their fitness function and capacity concept
in their constraint.

In addition to mentioned studies, several release planning studies,
which are indirectly related to our study, exist in the literature of
agile software development. In Scrum, a sprint plan is executed at the
beginning of each sprint. If there is only one team that is responsible
for one application or project, the releases to form a new version of the
software can be done independently. If many teams work on the same
application or project, a release plan is needed to avoid confusion in
the releases. These release plans can be rescheduled according to the
disruptive events during the project. Igbal and Alam [22] prepared a
systematic literature review for the release planning problem. Zhang
et al. [23] used meta-heuristics and hyper-heuristics for optimizing
software release planning. Escandon-Bailon et al. [24] studied the
release plan rescheduling problem and solve it using evolutionary
algorithms. Singh et al. [25] studied release planning problem and
used a weighted sum approach via the Jaya algorithm. Zapotecas-
Martinez et al. [26] proposed a three-objective optimization model
for the release plan rescheduling problem. Gademann and Schutten
studied capacity planning for projects where the objective function
is to minimize the total cost of required nonregular capacity [27].
In their model, important practical issues such as capacity flexibility,
precedence relations, and maximum work content per period are taken
into account. They used heuristic algorithms to solve the problem. Li
et al. [28] studied requirement selection regarding the requirement
dependencies in software release planning. Szoke [29] claimed that
there is an analogy between agile release scheduling and multiple
knapsack problems. In his study, a model to maximize the deliverable
value of releases is developed and the branch and bound algorithm is
used to solve it. Van Valkenhoef et al. [30] developed an optimization
model that generates a release plan taking into account story size,
business value, possible precedence relations, themes, and uncertainty
in velocity prediction for extreme programming which is one of the
methodologies in agile software development.

Scrum framework gives an empirical approach to planning. In this
study, we approached the planning process using optimization tools
instead of the empirical approach. We developed a mixed-integer multi-
objective model to solve instances of Scrum planning problem by
assigning user stories to sprints. The objective functions of the model
are as follows: Minimizing the unused sprint capacity, maximizing the
assignment of affine user stories to the same sprint, and maximizing the
assignment of higher priority user stories to prior sprints to minimize
the risks of the project. If higher priority user stories are assigned to
later sprints, the project may not be completed as desired [19], thus,
there may be customer dissatisfaction or even worse customer loss.
Considering these potential risks, Golfarelli et al. [19] introduced criti-
cal stories and uncertain stories. On the other hand, in Griffiths [31], it
is stated that the prioritization is based on the working on stories that
results in the highest value to the customer as soon as possible, and
thus, it is essential for the team to organize the plan considering budget
and timeline. Therefore, in this study, prioritization of the user stories
is taken into account by involving the objective function which encour-
ages the assignment of higher priority user stories to early sprints. In
real life, usage of alternative user stories can be necessary. Hence, we
involved alternative user story constraints into our mathematical model
to reflect this real life situation. Among the aforementioned studies,
Golfarelli et al. [19], Golfarelli et al. [20], and Boschetti et al. [21]
try to assign each user story to a single sprint. However, in our study,
user stories, except the alternative ones, must be assigned to a sprint.
The maximum number of sprints is given as a parameter to the model
and the model computes how many sprints are needed. The model also
decides which sprints are necessary to complete the project. Similar to
the mentioned articles, coupling groups of user stories such as AND and
OR dependencies and affinity between user stories are considered in our
study in addition to the effort of user stories in terms of story points and
capacities of sprints. Al-Zubaidi et al. [18] focused on the sprint level
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which is selecting issues for only one sprint, however, we focused on the
project level (all sprints). They focused on selecting appropriate user
stories considering both priority and complexity to achieve the sprint’s
goal and to gain more business value. They have only one constraint
as the capacity of the team which is also taken into account in our
study. Additionally, dependencies between user stories are not taken
into consideration by Al-Zubaidi et al. [18]. As a result, the proposed
multi-objective model in this study contributes to the literature since
it differentiates from the mentioned studies with the consideration of
unique objective functions and the alternative user story constraints.

3. Problem definition: Scrum planning

IT departments of companies that arise in different areas adopt
the Scrum framework for software product development. Some basic
concepts of Scrum are described below. The given definitions are taken
from Scrum Guide [10].

User story. User Story or Product Backlog Item (PBI) is a requirement
of the product written as a story.

Sprint. The heart of Scrum is a Sprint, which is a fixed period of about
one month or less.

Scrum team. The Scrum Team includes one Product Owner, one Scrum
Master, and Developers.

Product owner. The Product Owner is responsible for improving the
value of the product resulting from the work of the Scrum Team.

Scrum master. The Scrum Master is accountable for applying Scrum
according to Scrum Guide.

Developers. Developers commit to creating a usable increment for the
product in each Sprint.

Sprint planning. Sprint Planning is a timeboxed Scrum event that initi-
ates the Sprint. The Scrum Team creates the plan. The Product Owner is
accountable for directing planning events to discuss the most valuable
Product Backlog Items (PBI) to hit the Product Goal. Sprint Planning
aims to find answers to the following questions:

» Why is this Sprint valuable? Increasing the product’s value and
utility makes Sprint more valuable. The Product Owner offers
ideas on how to add value to the product. The Scrum Team
defines The Sprint Goal through the end of the Planning session.

» Which PBIs will be chosen in this Sprint? Product Owner and
Developers choose PBIs to work on the Sprint.

» How will the chosen PBIs get done? For each selected PBI, Devel-
opers plan the work to complete them.

Sprint Planning event can be a maximum of eight hours for a
one-month Sprint. For shorter Sprints, it can take less time. Planning
is needed to complete the project on time within a budget. A poor
plan can result in an uncompleted project or a completed project over
budget. In this study, we formulated a mixed-integer multi-objective
mathematical model for Scrum planning. By using this model, the
companies can create better plans to finish the project on time. The
model assigns every user story, except the alternative ones, to a sprint
until completing all user stories. So, they can forecast the completion
time of the project after each planning session. Some basic concepts
that we use in our mathematical model presented in the next section
are described below.

AND precedence. Some user stories cannot be handled before the com-
pletion of some other user stories which are in the AND relation set of
this user story. If this relation exists, there are two options. The first one
is the assignment of all the user stories into the same sprint. The second
one is the assignment of this user story in a sprint after the completion
of all other user stories with an AND relation with it.
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OR precedence. Some user stories cannot be handled before at least one
of the user stories that have OR relation with it is completed. So, if a
user story is coupled with other user stories with OR precedence, all of
these user stories can be assigned to the same sprint or this user story
can be assigned in a sprint after at least one of the other user stories
are completed.

Affinity. If user stories are strongly coupled to each other, we call these
user stories affine user stories and it will be better if all of them are
assigned to the same sprint. There is also a degree of correlation among
these user stories. In this study, affinity degree is determined by using
a scale between 0.1 and 0.9. 0.1 indicates the least affinity degree and
0.9 indicates the most affinity degree.

Effort. A number assigned to each user story in terms of story points
is defined as an effort. In our sample, as recommended by experienced
companies, Fibonacci numbers, which is a number sequence, are used
for story point designation. The sequence goes like 1, 1, 2, 3, 5, 8, 13,
21, 34, and 55 [32]. Story point is a relative concept dependent on
the team members. Story point estimation considers the volume, risk,
uncertainty, and complexity of the work.

Sprint capacity. Each sprint has a maximum capacity in terms of story
points. Capacity is calculated according to user stories which can be
completed in one sprint by the team. For each sprint, maximum sprint
capacity may slightly vary due to annual leaves or vacations of the team
members, i.e. there is no new team formation for any sprint.

Priority. Each user story has a priority that specifies which user story
is needed to be done before others.

Alternative user stories. Each user story must be assigned to a sprint,
however depending on the content of the project, the Product Owner
allows using alternative user stories. The selection of one of the alter-
natives is enough for reaching the project goal. At this point, only one
of these alternative user stories has to be assigned to a sprint. Managing
the campaign process with push notification or SMS, serving a report
to an executive manager via a dashboard or e-mail can be examples to
alternative user stories.

4. A multi-objective Scrum planning model

Details of the proposed multi-objective Scrum Planning model are
given as follows. Nomenclature is presented in Table 1.

The objective functions are formulated and explained as follows:

The first objective function tries to minimize total unused sprint ca-
pacity. Here, the difference between available and used sprint capacity
is tried to be minimized (Eq. (1)).
Min )} ¢;M; = 3 D) 7 X,, m

= i€l jeJ

The second objective function tries to minimize the total weighted
assignments of higher priority user stories to later sprints (Eq. (2)).
Here, the weights are priority degrees.
Minz ijiXij (2)

il jeJ

The third objective function tries to maximize the assignments of

affine user stories to the same sprints (Eq. (3)).

Max Z Z Y; 3
i€l jeJ
The constraints of the model are as follows:

Eq. (4) constraints the model to guarantee that the user story i can
be assigned at most one sprint j.

Y x, <1

jeJ

viel ()]
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Table 1
Nomenclature.
Indices Description
i Index for user stories i € I
J Index for sprints j € J
Parameters Description
A; The set of user stories that user story i has a
dependency type AND
o, The set of user stories that user story i has a
dependency type OR
B, The set of user stories affine to story i
D, The set of alternative user stories to story i
N, The set of user stories that has no alternative story i
¢ Maximum available capacity of sprint j in terms of
story points
z; Effort of user story i in terms of story points
2 Priority of user story i
ay The degree of correlation between user story i and

user story k from story i’s affinity set B;,a;, € [0,1]

Decision variables Description
X 1,if user story is assigned to sprint j,
Y 0, otherwise
Y, An accessory variable related to the story i
and its affinity set B; included in sprint j
M 1,if sprint j is established,
’ 0, otherwise

Eq. (5) constraints the model to guarantee that only one of two
alternative user stories is assigned to sprint j.

PDIDNCIEP BHES

leD; jeJ

viel 5)

Eq. (6) constraints the model to guarantee that each user story i is
assigned to a sprint j if it has no alternative.

> X, =1

jer

Vie N (6)

Eq. (7) constraints the model to guarantee that if a sprint j is not
established, a user story i cannot be assigned to that sprint.

Xij<M;

ij < Viel,VjeJ ()

Eq. (8) constraints the model to guarantee that total story points of
assigned user stories to a sprint j cannot exceed its capacity.

zziXij < chj

iel

vjedJ 8)

Eq. (9) constraints the model to guarantee that at least one of the
user stories in the set of dependency type OR of story i, is assigned in
the same sprint or prior sprints of this story.

> D Xp2x,; Viel®®vjes %% ci 9)
1€0; keJ

Eq. (10) constraints the model to guarantee that each user story in
the set of dependency type AND of story i is assigned in the same sprint
or prior sprints of this story. Here, |A;| states the number of elements
in set A;.

DD X2 X1A Vie NP vjes NP (10)
I€A; keT

Eq. (11) constraints the model to guarantee that the value of acces-
sory variable Y;; cannot exceed the total weighted assignment to that
sprint j. Here, story i’s affinity set member k’s assignment to that sprint
j is weighted by affinity degree g;,. a; can be between 0.1 and 0.9,
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Table 2
Assignment.

Sprints User stories
1 1,4,6,9, 10
2 2,8

3 3,5

4 -

inclusively. 0.1 indicates the least affinity degree, 0.9 indicates the most
affinity degree.

Y; < z a; Xy;
kEB,

Viel,LVjeJ an

Eq. (12) constraints the model to guarantee that if a user story i is
not assigned to a certain sprint j, the value of the accessory variable Y;;
will be zero regardless of the assignment of some of the members of its
affinity set to that sprint j. Here, |B;| states number of elements in set
B

i

Y, <I|BlX,; VielvjelJ 12)

Eq. (13) represents binary variables.

X;; €{0,1} Viel,VjielJ (13)

Eq. (14) represents non-negativity constraints.

Y,; 20 Viel,VjelJ a4
The union of the alternative set and the set without alternatives of

user stories is equal to whole user stories (Eq. (15))
N,uD, =1 (15)

The union of OR and AND sets of user stories is equal to total user
stories (Eq. (16)).

IOR Y IAND = 1 16)
5. Multi-objective algorithms

In the development of heuristic algorithms, solution representation
has a significant impact on the solution quality and computational time
of the algorithm. In this study, solutions are represented as strings
in both NSGA-II and SPEA2. The length of the strings is equal to
the maximum number of stories. The position of each cell in a string
represents the number of the story. The number in the cell corresponds
to the number of the sprint to which the story is assigned. The solution
representation, as an example, is string [1 23131021 1] for
a 10-user story and 4-sprint instance. Table 2 gives the decoding for
the example string. For this example, even 4 sprints are allowed, the
solution assigns 10 user stories to 3 sprints out of 4.

Crossover and mutation are significant factors in the performance
of the Genetic Algorithm (GA) because they provide population diver-
sity [33]. We used Simulated Binary Crossover (SBX) proposed by Deb
and Agrawal [34] for the crossover function, and Polynomial Mutation
(PLM) proposed by Deb and Goyal [35] for the mutation function in
both algorithms. SBX simulates the single-point crossover on binary
strings, and PLM is based on the polynomial distribution [36].

5.1. NSGA-II

In the literature, NSGA-II has been used in various areas such
as hybrid hydro-PV power systems [37], compact accelerator-driven
neutron sources [38], and multimedia data analysis [39]. NSGA-II
has been used for various applications such as benchmarking algo-
rithms in Quantum-Assisted Routing Optimization for Self-Organizing
Networks [40], simultaneous determination of optimal capacities of
active and reactive power reserve after administration and settlement
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of active and reactive power markets separately [41] and optimization
of pipe node positions [42]. NSGA-II achieved successful results in these
applications.

NSGA-II has the advantage of being an elitist multi-objective evo-
lutionary algorithm which means that an already found Pareto opti-
mal solution would not be deleted. It also has a fast non-dominated
sorting of the population of solutions and a crowding distance cal-
culation mechanism. Diversity is also preserved with the crowded-
comparison approach. Deb et al. explained the major concepts of
NSGA-II as follows [15]:

Fast non-dominated sorting. The first solution in the population is taken
in a set. Other solutions are compared with the solutions in the set
before being added. If a solution dominates any solution in the set, it
takes place of that solution in the set. If the solution is not dominated by
any other solutions in the set, it is added to the set. When all solutions
are evaluated, the set becomes a non-dominated set.

Crowding distance. Crowding Distance gives the estimation of several
solutions around a solution. Computations are done according to fitness
function and all the results are arranged from the smallest to the largest
number. The smallest and the largest numbers are set to infinity, and for
the other members, the calculation is done as the sum of the difference
between the member and its closest neighbor. This calculation is done
for all objective functions. The crowding distance is the sum of indi-
vidual distance values regarding each objective function. The crowding
distance is calculated as below [43]:

n is the number of individuals for each front F;. First, the distance
of every front is assigned to zero as F;(d;) = 0, where j is jth individual
in front F;.

For each objective function m;

+ The individuals of F; are sorted as I = sort(F;, m).
« Infinite distance is assigned to boundary values as I(d,) = o and
1(d,) = .
*Fork=2ton-1
I(k+1)m—I(k—1).m

f'rnnax — f::ln

In Eq. (17) I(k).m is the value of the m"" objective function of the
k™ individual in I.

I(dy) = 1(dy) + a7

NSGA-II forms a new population using the parent and offspring pop-
ulations which have the same population size. Then, a non-dominated
sorting is applied to classify the entire population. The new population
is created and filled with solutions of different non-dominated fronts
once. The filling procedure of this new population starts with the best
non-dominated front and continues with solutions of the other non-
dominated fronts one by one. The rest of the solutions are deleted when
the new population reaches the population size. Crowded tournament
selection operator is used as a niching strategy to choose the solutions
in the least allowed front. One of the main advantages of this algorithm
is that no extra niching parameter is required while providing diversity.
An already found Pareto-optimal solution is not deleted due to its elitist
mechanism [44].

A flowchart for the NSGA-II algorithm is presented in Fig. 1. De-
tailed information about the NSGA-II algorithm can be found in Deb
et al. [15].

5.2. SPEA2

In the literature, SPEA2 has been used for various applications
such as Solar Distributed Generations optimization problems [45],
constrained multi-objective optimization problems in vehicle passive
suspension system [46], multi-objective single-period multi-item in-
ventory problem [47]. Maheta and Dabhi developed an improved
SPEA2 multi-objective algorithm with nondominated elitism and gen-
erational crossover [48]. Zaenudin and Kistijantoro improved SPEA2
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performance to process a population using parallelism in the graphics
processing unit (GPU) by optimization fitness and distance calcula-
tions [49]. Their results show that NSGA-II generates a better Pareto
front in terms of minimizing the objective function but SPEA2 is better
in diversification. Zitzler et al. [17] explained the major concepts of
SPEA2 as follows:

Strength value. S(i) represents the number of solutions which the solu-
tion (string) i dominates. Here, > corresponds to the Pareto dominance
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relation (Eq. (18)).
SO =I{jljeP+P, \i>j}l| as)

Raw fitness value. Raw fitness value of solution i is calculated by the
addition of Strength Values of j that dominates i (Eq. (19)).

Yo (19)

JEP+P,j>i

R(G) =

Density value. First, the distances (in objective space) to all individuals
in the archive and population are calculated. Then, these distances are
sorted in increasing order. Here, a}‘ is k' element for each individual
i after sorting the list in increasing order (Eq. (20)).

D(i) = (20)

O'I.k+2

Fitness assignment. It is calculated by adding Raw Fitness Value and
Density Value (Eq. (21)).

F(i) = R() + D(i) 21)

Environmental selection. It is realized by copying all non-dominated
solutions of population and archive set to the archive set of the next
generation (Eq. (22)).

P = {i|iep,+ﬁ,/\F(i)< 1} (22)

If the size of the new archive set exceeds the size of the archive set,
truncation operation is applied. If there is still space in the new archive
set, the best-dominated solutions of the union of population and archive
set are selected to fulfill the archive set.

SPEA2 begins with a randomly created population and an empty
archive set. The population size and the size of the archive set must be
the same. SPEA2 assigns a strength value S(i) to each member of the
both population sets once. Then the raw fitness value R(i) is calculated
for each individual. A solution with smaller fitness is better. To preserve
elite solutions, archive set is used. Environmental Selection is used to
maintain the size of the archive of the elite solutions and to provide
diversity among these elite solutions [44].

A flowchart for the SPEA2 algorithm is presented in Fig. 2. De-
tailed information about the SPEA2 algorithm can be found in Zitzler
et al. [17].

6. Application

In the model implementation, Lingo, Eclipse IDE with the version
Oxygen.3a, Java SE 1.8 language, and JMetal library are used. The
computer used for solution process has Intel(R) Core(TM) i7-7700HQ
2,80 GHz CPU, 16 GB RAM, x64 Windows 10 Pro for Operating
System. The proposed multi-objective model is applied to a team’s work
plan which uses the Scrum framework. This team is a part of the IT
department of a private bank. The data infrastructure and problem-
solution process are explained in the first and second parts of this
section, respectively. The experimental results and analysis of these
results are discussed, and the comparison of results according to the
algorithms used is explained in the third part.

6.1. Data collection

Real data is gathered from the IT department of a private bank. The
model is tested with excerpted small-sized and medium-sized instances
from real data. Small-sized problem instance has 10 stories and 4
sprints. A medium-sized problem instance has 60 stories and 10 sprints.
7 small-sized, 1 medium-sized problem instance are used for testing.
Real data has 150 stories and 15 sprints. Some of the OR, AND, and
affinity dependencies, which are not available in the documents of the
bank, are formed based on the expertise and experiences of the team
members. Indicator results of small-sized and medium-sized instances
and descriptive statistics regarding the dataset are available at https:
//github.com/NilayOzcelikkan/Data.
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6.2. Solution process

Once the Scrum planning problem focused in this study is formu-
lated as a mathematical model and the necessary data is collected to
show the applicability of the model, the instances of the problem are
solved using the preemptive goal programming approach. In preemp-
tive goal programming, objective functions are ordered considering
their priority levels. Then, the problem is solved for the objective
function which has the highest priority first by ignoring the remaining
objective functions. At the second step, the problem is solved for the
second objective function, under the constraint which does not allow
the deterioration in the value of the first objective function obtained
in the previous step. The procedure continues in this manner until all
objective functions are solved considering the constraints of higher-
level objective functions. In this study, preemptive goal programming
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is applied to small and medium-sized problem instances for all possible
objective function priority orders. Each step of the preemptive goal pro-
gramming, that is solving a single objective model under the constraint
of higher priority objectives in addition to other constraints which are
specific to the problem, is executed using the LINGO solver. Addition-
ally, the best and worst objective values obtained during the execution
of the preemptive approach are used to specify the reference points of
the performance indicators which are explained in Section 6.3.1.

For the small-sized instance, the compromise solutions can be found
in a reasonable time for all possible orders of the multiple objectives.
However, the compromise solutions could not be found in a day for
the medium-sized instance. It is related to the existence of user story
relations like “and, or, affinity” and “alternative user stories” in the
medium-sized instance in a more intense way. The solution could not
be found for the real data and the program is ended manually. Hence,
we decided to use meta-heuristics for the solution procedure. Due to
the advantages given in the introduction section, for the defined multi-
objective problem, NSGA-II and SPEA2 were applied to the instances
of the problem.

Small and medium-sized instances are also used to set the param-
eters of NSGA-II and SPEA2 and the compromise solutions obtained
by the preemptive goal programming are used to validate these al-
gorithms. The minimum and maximum values of objective functions
obtained in small and medium-sized instances are used to find bounds
for quality indicators of multi-objective algorithms as explained in
the next section. Finally, by using the quality indicator values, the
parameters setting procedure is completed.

6.3. Experimental study

The experimental study section consists of three subsections as
performance indicators, parameter setting, and comparative results.
Performance indicators and the approach used in the calculation of the
reference points for the required performance indicators are explained
in Section 6.3.1. The details of the parameter setting are described in
Section 6.3.2. First, small-sized and medium-sized instances are tested
using NSGA-II and SPEA2. Then, multivariate tests and nonparametric
tests are applied to the instances selected from small and medium-
sized instances. According to test results, the best combination of
parameters is determined. Finally, in Section 6.3.3, comparative results
are reported.

6.3.1. Performance indicators

To compare the performance of multi-objective algorithms, the
quality of Pareto-optimal sets is measured in terms of various per-
formance indicators [50]. These indicators create unique values, and
in this way, the algorithms can be compared. According to Okabe
et al. [50], performance indicators consider mainly three aspects of a
solution set:

» The convergence, relative goodness of the solution set;
+ The diversity, distribution as well as spread; and
» The number of solutions.

According to Riquelme et al. [51], the Hypervolume (HV) is the
most used metric, followed by the Generational Distance (GD), the
Epsilon indicator (¢), and the Inverted Generational Distance (IGD). To
compare the results of NSGA-II and SPEA2 algorithms, HV Indicator,
GD metric, Epsilon indicator (¢), the IGD, Inverted Generational Dis-
tance plus (IGD+) and Spread (4) values are used in our study. HV, also
known as S metric, hyper-area, or Lebesgue measure, is the volume of
an approximation set relative to some reference points [51]. HV takes
accuracy, diversity, and cardinality into account during calculations.
HV is the only unary metric that considers all of them. A set with a
larger hypervolume value is likely to present a better solution than sets
with a lower hypervolume value. GD calculates the difference between
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Table 3 Table 4
Algorithm parameters. Indicator means of small-sized problems.
Algorithm Crossover Max Evaluations/ Population Prb. Algorithm HV € GD IGD IGD+ A
type probability Max Iterations® Size No type
NSGA-II 0.7, 0.8, 0.9 15000, 20000, 25000 50, 100, 200 1 NSGA-II .886 .103 .013 .260 .066 1.202
SPEA2 0.7, 0.8, 0.9 75, 100, 125, 150, 200, 50, 100, 200 SPEA2 907 0% 010 260 059 1.205
250, 300, 400, 500 2 NSGA-II 931 .060 .009 .842 .032 1.015
SPEA2 .945 .048 .007 .841 .026 1.021
aMaxlIteration is calculated by dividing MaxEvaluations to Population Size.
3 NSGA-II .893 .106 .065 441 .067 1.299
SPEA2 .905 .107 .062 .429 .063 1.346
4 NSGA-II .903 111 .149 704 .062 1.125
L L . . SPEA2 910 112 154 .698 .061 1.133
the point in the approximation set and its closest reference point,
then takes the average of these results [51]. GD considers the average 5 NSGA-II 898 122 120 504 050 1.269
i ! 8¢ ! g verag SPEA2 906 117 114 501 .046 1.279
Euclidean distance during calculations. GD is also a unary metric and
tak int ¢ Asetwithal GD value is better th 6 NSGA-II .921 .097 .093 .583 .056 1.198
akes accuracy into account. A set with a lower GD value is better than a SPEA2 934 086 087 578 ‘048 1215
set with a higher GD value. ¢ is used to find out if one approximation set
. . L 7 NSGA-II .941 .059 .079 .624 .038 1.219
is dominating another approximation set or not [51]. ¢ uses the worst- SPEA2 958 041 085 506 026 1.274
case distance during calculations which means one has to improve all
points in the approximation set for all objectives to dominate the other
approximation set. € is a binary metric. IGD is the inverted version Table 5
. . . Multivariate tests for NSGA-II for small-sized instance.
of the generational distance metric [51]. The IGD measure also uses
. . . . . .. Parameter Test type p-value
Euclidean distance during calculations however it takes the minimum —
result instead of the average of the results distinct from the GD. IGD Crossover 5\}1111?: LT;CI: " '18;
is a unary metric that can measure the diversity and the convergence Hotelling’s Trace 108
together with sufficient Pareto front or approximation set data. IGD+ is Roy’s Largest Root .061
a variant of the IGD where convergence of the IGD+ to Pareto front is Max Evaluations Pillai’s Trace 201
better compared to IGD [52]. In this way, IGD+ overcomes IGD’s salient Wilks’ Lambda .201
drawbacks. Small IGD and IGD+ values are preferable [52]. 4 is a unary Hotelling’s Trace -202
metric that measures the diversity of the approximation set [51]. A set Roy's Largest Root 080
with a larger spread value is likely to present a better solution than sets Population Size Pillaf’s Trace -000
with a lower spread value Wilks' Lambda 000
p . Hotelling’s Trace .000
The quality indicators (QI), which are used to compare multi- Roy’s Largest Root 000
objective heuristic algorithms can be classified considering the Pareto-
compliant concept as follows: Suppose that there are two non-domin- ble 6
. . . . . s Table
ated set A and B. obtained from t\A{O d1ffereqt multl-ol?Jectlve heuristics, Multivariate tests for SPEAZ for small-sized instance.
a Pareto compliant QI must satisfy that if A dominates B, QI of A
. . Parameter Test type p-value
must be strictly better than that of B. If A dominates B and QI of A c P 74
. . rossover 11lal’s lrace .
is the 'same or better than QI of B, tht?n the QI is called wea.kly Pal:e.to— Wilks' Lambda 974
compliant [53]. Based on the related literature [54-56], HV is classified Hotelling’s Trace 274
as Pareto-compliant, IGD+ is weakly Pareto-compliant and the others Roy’s Largest Root .082
(GD, ¢, IGD, and 4) are not Pareto-compliant quality indicators. Max Evaluations Pillai’s Trace .081
Wilks” Lambda .081
. Hotelling’s Trace .081
6.3.2. Parameter setting Roy’s Largest Root 055
The parameter settings of NSGA-II and SPEA2 are determined on the — E—
. | ) . Population Size Pillai’s Trace .000
small and medium-sized instances and then applied to the real data. In Wilks' Lambda 000
both algorithms, crossover distribution index and mutation distribution Hotelling’s Trace .000
index parameters are used as constant value 20. Mutation probability is Roy’s Largest Root -000

calculated according to the size of the problem as 1/(number of stories).
An experimental study is performed to designate the best combination
of the parameters used in NSGA-II and SPEA2. The parameters are
shown in Table 3. For both algorithms, for crossover probability, 0.7,
0.8, and 0.9 are applied to find out which one performs better for each
algorithm for each problem size. Max Evaluations and Population Size
are both significant parameters for GA to get satisfactory solutions.
15000, 20 000, and 25 000 for the Max Evaluations parameter, and 50,
100, and 200 values for the Population Size parameter are applied. For
SPEA2, the Max Evaluations parameter is converted to Max Iterations
to make a fair comparison. Each combination was run 31 times.

Firstly, seven small-sized instances are tested. In these tests, the
results are calculated with changing user story values, the priority of
user stories, the capacity of sprints, and the dependency of user stories.
These results can be seen in Table 4.

One of the small-sized instances (7th problem in Table 4) was
used to analyze parameters. We used Pillai’s Trace, Wilks’ Lambda,
Hotelling’s Trace, Roy’s Largest Root for multivariate tests, and K

Independent Samples Median Test for the nonparametric tests. The sig-
nificance level was set to 0.05 and it was concluded that the parameter
effect was significant if the p-value was less than or equal to 0.05.

For the small-sized instance, multivariate test results for parameters,
applied test types and p-values for NSGA-II and SPEA2 are shown in
Tables 5 and 6, respectively. According to multivariate test results, it
is concluded that the only significant parameter is Population Size for
both algorithms on the small-sized instance since p-values are less than
the significant level only for Population Size.

Following the multivariate tests, nonparametric tests are applied to
NSGA-II and SPEA2 for all parameters. The null hypotheses used are as
follows:

» The medians of HV are the same across categories of the param-
eter,
» The medians of ¢ are the same across categories of the parameter,
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Table 7 Table 8
Nonparametric test results for small-sized instance. Algorithm parameters.
Algorithm Parameter HV € GD IGD IGD+ A Algorithm Crossover Max Evaluations/ Population
NSGA-IT PopulationSize % / % < % % type probability Max Iterations® Size
Max Evaluations v X X X X X NSGA-II 0.9 25000 200
Crossover X X v X X X SPEA2 0.9 125 200
SPEA2 PopulationSize v 4 v X 4 v aMaxlIterations is calculated by dividing MaxEvaluations to PopulationSize.
Max Iterations X X X X X X
Crossover X X X X X X

The medians of GD are the same across categories of the param-
eter,

The medians of IGD are the same across categories of the param-
eter,

The medians of IGD+ are the same across categories of the
parameter,

The medians of 4 are the same across categories of the parameter.

The results of these nonparametric tests for the small-sized instance
are shown in Table 7. The symbol check (v') represents that the related
null hypothesis is rejected, whereas, the symbol cross (x) shows that
the null hypothesis is not rejected.

Main effect graphs are used to distinguish which Population Size
value is better according to HV, ¢, GD, IGD+, and 4 indicators. All
results with main effect graphs are stored on https://github.com/
NilayOzcelikkan/Data page. The main effect graph of Population Size
for the HV indicator for NSGA-II can be seen in Fig. 3. The main effect
graph of Population Size for the HV indicator for SPEA2 can be seen
in Fig. 4. The main effect graphs indicate that Population Size 200 has
better results than 50 and 100 according to HV, ¢, GD, IGD+, and 4
indicators for both algorithms.

All of the statistical tests on the small-sized instance explained
above are also applied to the medium-sized instance and the results
obtained from the statistical analyses are available at https://github.
com/NilayOzcelikkan/Data. Finally, according to the results obtained
from both small and medium-sized instances, the set of the parameters
selected is given in Table 8.

6.3.3. Comparative results

NSGA-II and SPEA2 are run for the seven small-sized instances using
the parameter sets provided in Table 8. The results obtained by the runs
are given in Table 9. Bold values indicate which algorithm generates
the best result for the given instance. According to indicator results in
Table 9, for five instances, SPEA2 has better performance than NSGA-
II. Therefore, it can be concluded that for small-sized problems, SPEA2
gives better results than NSGA-IL.

In Tables 10 and 11, decoding of the best solutions obtained by
NSGA-II and SPEA2 according to HV indicator are given as examples,
respectively.

After the analysis of small-sized instances, we applied the two
heuristics to the medium-sized instance using the selected parameters.
For the medium-sized problem instance, average values of indicator
results are shown in Table 12. According to Table 12, as the number
of indicators showing better performance is the same for NSGA-II and
SPEA2, it can be concluded that no algorithm is better than the other
for the medium-sized problem instance.

The solutions of medium-sized instance are shown in Tables 13 and
14, respectively.

As a result, the algorithms are applied with the selected parameters
to our real data and the average values of indicator results are shown
in Table 15. According to Table 15, the number of indicators showing
better performance for SPEA2 is more than the number of indicators
for NSGA-II. However, the results are very close to each other for HV,
¢, IGD, and IGD+ indicators.

For comparison using the best HV indicator value, NSGA-II solution
with OF1 = 4691.0 OF2 = 3.3999 OF3 = 175.0 is shown in Table 16.
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Table 9 Table 12
Indicator results of small-sized problems. Indicator results of medium-sized problem instance.
Prb. Algorithm HV € GD IGD IGD+ A Algorithm type HV € GD IGD IGD+ A
No type NSGA-II 787 .146 137 .420 .103 1.055
1 NSGA-II 949 .066 .005 .265 .035 1.191 SPEA2 .684 .219 .030 .398 .163 1.353
SPEA2 959 -066 -002 269 033 1.202 Bold value indicates the best result.
2 NSGA-II .988 .012 .001 .863 .006 1.000
SPEA2 .987 .013 .001 .859 .007 1.005
3 NSGA-II .954 .060 .047 415 .033 1.381 Table 13
SPEA2 967 .058 041 408 .028 1.396 Solution of medium-sized instance obtained by NSGA-II according to best HV result.
4 NSGA-II .955 .065 104 727 .031 1.137 Sprints User stories
SPEA2 .988 .032 .106 .678 .011 1.164 1 10, 16, 18, 26, 36, 37, 41, 47, 53, 56, 57, 61
5 NSGA-II 965 .082 .084 .497 .022 1.380 2 2, 19, 21, 24, 25, 30, 35, 44, 52, 60
SPEA2 974 .069 .077 .514 .016 1.361 3 6, 11,17, 20, 28, 31, 51, 54
6 NSGA-II 980  .058 067  .557  .023 1.239 4 7,12, 15, 39, 40, 42, 43, 49
SPEA2 964 067  .065  .566  .031 1.240 5 45,9, 29, 45
6 3,8, 48
7 NSGA-II 976 .024 .052 .585 .014 1.262
SPEA2 .985 .014 .058 .547 .007 1.349

Bold value indicates the best result.

Table 10

Solution to the instance 7 found
by NSGA-II according to best HV

result.
Sprints User stories
1 3,59, 10
2 1,4,6
3 2,8
Table 11

Solution to the instance 7 found by
SPEA2 according to best HV result.

Sprints User stories
1 1,5,6,9, 10
2 2,3

3 4,8

10

Table 14

Solution of medium-sized instance obtained by SPEA2 according to best HV result.
Sprints User stories
1 10, 14, 18, 19, 24, 35, 40, 41, 44, 47, 52, 58, 59, 61
2 4, 6, 7, 13, 20, 28, 31, 33, 39, 57, 60
3 11, 25, 30, 36, 37, 53, 54
4 15, 21, 45, 46, 51
5 5, 8, 26, 43, 49
[3 9, 12, 27, 48
7 3

Table 15

Indicator results of real data.
Algorithm type HV € GD IGD IGD+ A
NSGA-II .044 .814 436 .637 .699 0.945
SPEA2 .047 .820 .049 .595 .669 1.251

Bold value indicates the best result.

Each user story is assigned to a sprint except for some of the stories
which have alternatives as seen in Table 16. For example, the first user
story is assigned to sprint two and the third user story is not assigned
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Table 16 Table 18
Solution of real data obtained by NSGA-II according to best HV result. Indicator results of real data using all non-dominated solutions as reference set.
Sprints User stories Algorithm type HV € GD IGD IGD+ A
1 4, 16, 17, 21, 35, 40, 46, 62, 65, 83, 106, 108, 109, 119, 130, NSGA-II .000 1.216 .488 .256 1.260 0.959
134, 135, 146 SPEA2 .000 1.186 .059 .249 1.224 1.220
2 1, 10, 13, 27, 32, 81, 82, 90, 96, 104, 123, 133, 140, 142 Bold value indicates the best result.
3 34, 36, 50, 55, 57, 59, 61, 87, 105, 111, 120, 121
4 14, 15, 23, 41, 44, 49, 86, 103, 110, 122, 126, 127, 136, 139, 143
5 7, 8, 26, 52, 66, 97, 100, 113, 115, 116, 137, 145
6 9, 24, 68, 114, 128, 131
7 19, 38, 39, 48, 56, 73, 95, 124, 125, 129, 141 To meet the market’s changing needs, a significant number of compa-
8 2, 12, 47, 51, 64, 67, 85, 88, 98, 107, 138 nies use agile software development methodologies. The most popular
9 5, 31, 45, 69, 75, 78, 144, 148 framework for agile software development is the Scrum framework. In
1(1) 1; ;3: i: ;(2): ;ii ;Z’ 77, 84, 101, 102, 118, 150 Scrum, before starting the project, the companies can prepare plans
12 33, 58, 71, 72, 80, 149 with the assignment of user stories to sprints. This study proposes a
13 6, 20, 22, 60, 63, 92, 93, 99, 117 multi-objective mixed-integer programming model for Scrum planning.
14 54,79, 91, 112, 132, 147 The proposed model assists companies during the Scrum planning
process and provides a project plan regarding the dependencies and
Table 17 constraints specific to the problem. It also tends to minimize the

Solution of real data obtained by SPEA2 according to best HV result.

Sprints User stories

1 3, 21, 27, 36, 42, 48, 55, 61, 79, 82, 84, 90, 99, 134, 135, 141
2 7, 10, 13, 15, 41, 50, 88, 101, 109, 111, 130, 139

3 1, 26, 37, 43, 44, 46, 59, 70, 81, 83, 103, 144, 145

4 16, 33, 40, 52, 62, 63, 98, 105, 112, 126, 136, 138, 140, 150
5 6, 18, 23, 24, 29, 39, 65, 104, 107, 110, 117, 121, 123, 124, 128, 137
6 14, 51, 74, 87, 93, 95, 142, 147

7 22, 35, 49, 56, 57, 73, 96, 100, 113, 116, 143, 148

8 8, 11, 25, 28, 38, 68, 75, 97, 122, 132

9 4, 30, 32, 53, 58, 64, 89, 91, 125, 127, 146

10 9, 54, 60, 72, 80, 94, 131

11 5, 19, 47, 71, 76, 106, 133

12 2, 108, 114, 118, 120

13 17, 31, 34, 66, 67, 69, 77, 78, 102, 115, 119

14 12, 86, 92, 149

to any sprint because it has an alternative story as 129. Similarly, user
story 25 is not assigned because it is an alternative story to user story
20.

According to best HV result, one SPEA2 solution with OF1 = 4692.0
OF2 = 0.0 OF3 = 151.0 is shown in Table 17. In this solution, user
story 3 is assigned to the first sprint, and user story 129 is not assigned
because it is an alternative story to user story 3. Similarly, user story
20 is not assigned because it is an alternative to user story 25. Also,
user stories 45, 85 are not assigned. As the NSGA-II result, 14 sprints
are used.

Both heuristics produced feasible results and we get totally 31
feasible solutions from each heuristic in less than 10 min. When we
analyze the solutions, we saw that both heuristics planned the project
in 14 sprints. Also, some of the indicator results are very similar for
NSGA-II and SPEA2. As a result, to find a real solution to this company’s
problem, both algorithms can be used.

The quality indicators reported in the previous tables are computed
using the reference set which consists of non-dominated solutions
obtained by the preemptive goal programming. For the real data,
additionally, NSGA-II and SPEA2 were re-run and the quality indicators
were re-computed using all non-dominated solutions obtained by all
replications of the two heuristics as a new reference set to see the
effect of the reference set. The new results given in Table 18 show that
SPEA2 performs better than NSGA-II for most of the quality indicators.
However, the two heuristics still exhibit very close indicator results,
except GD and Spread, and therefore, both NSGA-II and SPEA2 can be
suggested for solving of Scrum planning problem handled in this study.

7. Conclusion

To be successful in the projects, companies need to choose a con-
venient software development methodology and prepare proper plans.

11

project’s risks, such as customer dissatisfaction, project cancellation,
and customer loss. The model is verified on small and medium-sized
instances of the problem scaled from a real case. The multi-objective
model is first tried to be solved using the preemptive goal programming
approach. Since for the large-sized instance, it becomes impossible to
find a solution using the preemptive goal programming approach, we
used meta-heuristics for the solution procedure. For the large-sized
instance, we used NSGA-II and SPEA2 to find approximated Pareto
fronts. These metaheuristics have the advantage of creating more ef-
ficient solutions than goal programming because goal programming
can only give a unique solution for each different priority order of
the three objectives. We compared the results to determine which
algorithm is more suitable for the Scrum planning problem. According
to the performance indicator results, both algorithms can be used for
the problem. Therefore, we can suggest using the multi-objective model
and the preemptive goal programming approach to deal with the small-
sized instances of the problem. On the other side, the proposed model
and NSGA-II and SPEA2 can be employed for larger problem instances.
Adding a user-friendly frontend to the proposed multi-objective model
can turn it into a product in the market.

This study deals with the feasible assignments of user stories to
sprints considering multiple objectives assuming sprint numbers and
affinity values are given parameters. In future studies, instead of taking
these parameters from the user, they can be tuned through the algo-
rithm’s execution. Additionally, different approaches to multi-objective
problems, such as decomposition-based or indicator-based, are plan-
ning to apply to the multi-objective Scrum planning problem to inves-
tigate their effects on solving this problem. Also, the proposed Scrum
model can be modified to be applicable for different areas such as the
Kanban environment.
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