Sensitivity Analysis in Multi—objective Next
Release Problem and Fairness Analysis in
Software Requirements Engineering

MSc Project Thesis

August, 2007

Jian Ren
MSc in Computing and Internet System, 2006/07

Department of Computer Science
School of Physical Sciences and Engineering
King’s College London

Supervised by Professor Mark Harman


mailto:jian.ren@kcl.ac.uk, jian.ren@msn.com
http://www.dcs.kcl.ac.uk
http://www.kcl.ac.uk/schools/pse/
http://www.kcl.ac.uk
http://www.dcs.kcl.ac.uk/staff/mark/




Acknowledgements

I would like to express my gratitude to all those who gave me the possi-
bility to complete this thesis.

I am deeply indebted to Professor Mark Harman whose valuable advice,
hints and warm inspiration guided me in all the time of this project.
His unique way of supervision maximized the learning outcome of this
project.

I am bound to thank two of Mark’s PhD students Yuanyuan Zhang
and Shin Yoo who gave me the initial acknowledge of the project and
provided constant support.

I have furthermore to thank Research Assistant Afshin Mansouri and
Zheng Li, PhD students Tao Jiang, for their help by offering me lots of
suggestions for improvement.

I would like to thank Steffen Christensen from Science and Technol-
ogy Foresight Directorate of Canada, who gave me useful suggestions on
choosing the methods for statistical analysis.

Thanks to my landlord Jonathan Rake, my friends Chen Wang and the
other Msc Project Students for all their help, support and interest in all
the time of this project.

I would also like to give my special thanks to my parents whose ongoing
love and support enabled me to complete this work.






Sensitivity Analysis in Multi—objective Next Release Problem and
Fairness Analysis in Software Requirements Engineering

Jian Ren
MSc in Computing and Internet System, 2006/07

Supervised by
Professor Mark Harman

August, 2007

Abstract

This project is concerned with the Next Release Problem, a problem in search-
based requirement engineering. The Next Release Problem is a 0-1 knapsack problem
which is NP-hard problem. Previous work only considered using the single-objective
algorithm to tackle the problem. Based on those work, both single-objective and
multi-objective algorithm are implemented to analysis the problem. This project
also develop the method of Sensitivity Analysis in multi—objective algorithms. A
thorough quantitative and qualitative Sensitivity Analysis is also implemented.

In this project, fairness is the fist time to be considered in software engineering.
It aims to maximize the customer’s satisfaction and minimize resource of develop-
ment at the same time, which is a typical multi-objective optimization problem. The
most recent work from Y. Zhang 2007[11], which presents the evidence that NSGA-
II is well suited to the Multi—Objective Next Release Problem, has been adopted in
this project. The project presents a series of solutions for fairness consideration in
planing the next release.
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Chapter 1

Introduction

This project will focuses on using Search-based techniques to tackle these complex
optimization problems in the Nezt Release Problem (NRP).

1.1 Multi-objective Next Release Problem

With or without using strategies and algorithms, people make decisions in their
everyday lives. These decisions could be as simple as choosing which clothes to
buy or as difficult as designing a space ship. Much less criterias are needed to be
considered for making former decision than those needed for the latter one, but both
of them could be considered as the problem of minimizing the cost while mazimizing
the value. The situation is relatively the same in the NRP. Before the next release of
a software, the software engineers have to make the decision on which features should
be included in that next version. There are lots of criterias to concern, for example,
the budget for the next release, the cost of each feature, the functional ability of
each feature and the total degree of satisfying the customers. The question of “how
to decide which feature(s) should be added to the next release?” form the main
body of the Next Release Problem.

1.2 Search-Based Software Engineering

To tackle the NRP, traditional software engineering is to rank the features into one
list ordered by their score which is assigned by human experts. However, when the
scale of the problem became large humanity became unreliable. The result from ex-
pert’s ranking could be imprecise, on the other hand, could be easily outperformed by
the search techniques.[2] In the field of Search-Based Software Engineering(SBSE),
metaheuristic search techniques, such as Greedy, Simulated Annealing and Genetic
Algorithms, are introduced to provide a more precise and efficient way to tackle
the problems. Features are selected by the algorithms. And the selection procedure
completely depends on the numerical. In such a way, the human experts are released
from making the selection which the algorithm is good at.
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1.3 Sensitivity Analysis in NSGA-II

In the field of SBSE, humanity is replaced by the metaheuristic search techniques,
nevertheless most of the numerical data are still estimated by experts. If there must
be some human bias get involved in the process of tackling the problem, a Sensitivity
Analysis could help to build confidence in the model by studying the uncertainties
that are often associated with parameters in models. In order to investigate the data
sensitivity problem, both Greedy and NSGA-II algorithm are applied to multiple
versions of data sets, each containing small changes of costs of one specific feature.
The analysis provide a decent reference to identify the data with significant affect on
result. Thus, the bias could be minimized by performing a more accurate estimation
on those critical inputs.

1.4 Fairness in Next Release Problem

Fairness is a very important concept in modern business world, and it is worthwhile
to take it into serious consideration when we are planing the next release of our
products. Fairness is a very simple concept at first, but its implementation becomes a
complex goal whilst the definition of ‘fair’ derive various versions, or even conflicting
concept. In order to provide fairness service to the customers, the concept of fairness
is analyzed from several angles in this thesis.

1.5 Roadmap of the Project

The project first observe the results from the Greedy algorithm in order to under-
stand the search space of the given problem better. Based on the results from the
Greedy algorithm and the close observation of the original data, the NSGA-II algo-
rithm is adopted; this algorithm enables us to obtain the globally optimal feature
subset from any version of the data without actually going over all the possible so-
lutions. The sensitivity analysis in single-objective search algorithm from Yoo [10]
is successfully replicated in this project. And then I develop it to suit the multi-
objective evolutionary algorithm. After all, an application of using NSGA-II to
tackle the fairness analysis in Next Release Problem is studied.



Chapter 2

Literature Review

2.1 Search-based Software Engineering

‘Search—based’ techniques, such as Genetic Algorithms, Simulated Annealing, Tabu
Search, has been applied successfully in a number of engineering probleml[4, 7].
However, search-based software engineering is a recent effort to utilize the existing
metaheuristic techniques to the problems of software engineering. In order to re-
formulate Software Engineering as a search problem, Harman [6] gives the two key
ingredients for the application of search-based optimization to software engineering
problem:

e The choice of the representation of the problem.
e The definition of the fitness function.

With these two simple ingredients, it becomes possible to implement search algo-
rithm in the area of software engineering. Harman and Jones [7] provided three
main steps of in the process of SESE implementation:

e a representation of the problem which is amenable to symbolic manipulation;
e a fitness function (defined in terms of this representation) and
e a set of manipulation operators.

In the optimization cycle, as illustrated in Figure 2.1, the first step is to analysis
the problem and provide the search algorithm a appropriate representation of the
problem. When the search techniques is applied for the problem, fitness function
play the role of directing the search. Therefore we must be able to clearly express
the desired property of the solution. The manipulation operator is required in order
to move from one solution to another, based on the direction given by the fitness
function.
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Figure 2.1: The Optimization Process, adopted from [3]

2.2 Next Release Problem and MONRP

The ‘Next Release Problem’(NRP) is a problem in software requirement engineering.
In the NRP, the goal is to find the ideal set of requirements that balance customer
requests, resource constraints, and requirement interdependencies. Bagnall et al. [1]
formulated NRP as a search problem and implement Greedy algorithm, Hill Climbing
and Simulated Annealing. Recently, Zhang et al. [11] introduced multi-objective
algorithm to tackle the NRP for the first time. Zhang et al. applied a variety
of techniques, including NSGA-II, Pareto GA, single objective GA and Random
Search technique to a set of synthetic data created to model features for the next
release. The result show that NSGA-II outperform the other algorithm in finding the
middling part of the Pareto front in large problems and single objective GA (applied
to the unified objective function) performs better in finding extreme regions in some
circumstance.

2.3 Sensitivity Analysis

As illustrated in Figure 2.1, sensitivity analysis techniques is usually performed in
the last phase of the optimization cycle. It aims to identify how ‘sensitive’ the
mathematical model (or problem model) is to the changes in the value of the input
parameters and to the changes in the structure of the model. Yoo [10] performed the
parameter sensitivity analysis on the a series of tests in which the input cost of the
features was modified ‘one-at—a—time’. Yoo’s work illustrated how the behavior of
Hill climbing search responds to the changes in the input data. Sensitivity analysis
is a useful tool in model building as well as in model evaluation.
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2.4 Fairness in Software Requirement Engineering

“ .. Fairness is not an economic concept. If you want to talk fairness,
you have to leave the department of economics and head over to philos-
ophy ...”

Like Mankiw said in his paper about fair taxation: “Fair Taxes? Depends What You
Mean by ‘Fair’ ” [8], fairness is not a simple engineering concept neither in software
requirement engineering. The concept of fairness is very simple at first, which means
treating people in a fair, equal and right way. But it ends up with a very complex
situation. In the modern taxation system, there is are several principles for fair tax.
However, people who have different opinions on what is fairness always argue about
they have not been treated fairly. Thus, the definitions of fairness become the most
important concept in the implementation of fairness analysis. To the best of our
acknowledgment, there is previous work on fairness analysis in software engineering.
And multi-objective evolutionary algorithm is good for combining different opinions
to optimize the solutions. It worthwhile to have the consideration of fairness in
solving the next release problem.
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Chapter 3

Sensitivity Analysis

3.1 Problem Statement of the Next Release Problem

3.1.1 Model of NRP using Greedy Algorithm

In the project, a set of real data from Motorola Inc. was used. These software fea-
tures are free of interference, so that any combination of them can be implemented
into the next release. The data contained 35 software features that can be imple-
mented into the future model of a mobile phone. Dependency relations between
the these 35 features were very sparse, so the issue of the feature dependency was
ignored in current stage of the project.

As shown in Table 3.1 (Page 10), the i—th feature f; (1 < ¢ < 35) has its
own Cost: cost;, which represents the effort and resource it takes to implement
the feature. The desirability of each feature is represented by two ordinal scale
parameters: Customer Priority: p;, and Expected Revenue: e;. Customer priority
represents the relative priority given to each customer group which required the
particular feature. It ranges from 1 to 4, with 1 being the highest and 4 the lowest.
Expected revenue represents the possible revenue that each feature is expected to
bring to the company. It ranges from 1 to 3, with 3 being the biggest revenue and
1 the smallest. Harman et al. [2] adopted the following fitness function, Z’ , to
evaluate the Fitness Value for feature f;:

€;

2'(fi) ==

)

Let the set of those features which are chosen for the next release is denoted by F”,
which is a subset of F' = {f1, fa, -+, f35}. And vector T = {x1, 22, -+, 235} denote
the solution set of which features are chosen in the next release. In this vector, z;
is ‘1’ if the i—th feature is selected; and ‘0’ otherwise. Then:

F' ={fieF:x;=1}
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The overall fitness value for a F’ is the sum of fitness value of all the chosen feature:
35
Z(F,) = Z Z/(fz) 73
i=1

Similarly, the overall cost is:

35

cost(F') := Z cost; - x;
i=1

In addition, the experts provide a ranking of all the feature. This help to produce a
list of budgets B = {b1,ba, -+, b35}, where:

i
b; = Z costy,
n=1

In this context, the question of how to tackle this optimization problem could be
translated into: How to find out the F’ with:

e Maximum overall fitness value:

35
Maximum Z(F') = Z Z'(f) - xi
i=1

e Subject to:
cost(F') < b;

The implementation of Greedy algorithm is shown in section 3.2.1 and the associated
result and analysis is discussed in section 3.3.1

3.1.2 Problem Analysis for MONRP

In order to apply multi-objective algorithm to NRP, we need to reformulate it into a
Multi-Objective Optimization Problem. This project adopted the Multi-Objective
Next Release Problem(MONPR) model from the recent work of Y. Zhang et al. [11].
In the current stage of the project, the requirement data for MONRP is random
generated. For each existing software system, there is a set of customers,

C: {Cl,CQ,"‘,Cm}

where m is the number of customers. Let R denote all the possible requirements’
from the customers:
R - {7’177127' "7Tn}

'Regarding to this report, the terms of ‘feature’ and ‘requirement’ are interchangeable.




3.1 Problem Statement of the Next Release Problem

where n is the number of the total requirements. Each requirement r;(1 < i < n)
has its own cost; which represents the effort and resource it takes to implement the
requirement:

Cost = {costy, costa, - -, cost, }

In addition, each customer ¢;(1 < j < m) has a specific degree of importance to the
company which is denoted by wj;:

Weight = {wq,wa, -+, wpy}

where w; € [0,1] and 377, w; = 1. Furthermore, each customer c; assigns a value
to every requirement 7; denoted by: walue(r;,c;), which equals to 1 if the j—th
customer needs the i—th requirement; and ‘0’ otherwise. Then the overall score; for
requirement r; could be calculate by:

m
score; = g w; - value(r;, cj)
i=1

which represents the overall importance of the i—th requirement. The decision vector
T ={x1, 2z, -, x,} € {0,1} determines which requirements are added in the next
release. In this vector, x; is ‘1’ if the i—th requirement is selected; and ‘0’ otherwise.
After all the fitness function, Z ,of a decision & is defined as:

n

2(7T) = Z score; - ;

=1

Multiple objective function are needed to formulate the constraints, After all, it is
able to adopt two objectives functions to formulate this multi-objective optimization
problem:

e Maximize the fitness value:

n
Maximize: Z(7Z) = E score; - ;
=1

e Minimize the total cost:

n
Minimize: E cost; - T;
=1

The implementation of NSGA-II is shown in section 3.2.2, and the result and analysis
is discussed in section 3.3.3.
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Table 3.1: The Anonymous Feature Data from Motorola Inc. [2]

Feature No. | Cost | Customer | Revenue | Fitness Value | Experts Ranking
1 100 3 3 1 1
2 50 3 3 1 2
3 300 1 3 3 3
4 80 1 3 3 4
5 70 1 3 3 5
6 100 3 3 1 6
7 1000 3 3 1 7
8 40 2 3 1.5 8
9 200 2 3 1.5 9
10 20 2 1 0.5 10
11 1100 2 3 1.5 11
12 10 1 3 3 12
13 500 1 3 3 13
14 10 1 1 1 14
15 10 1 3 3 15
16 10 1 2 2 16
17 20 3 1 0.33333 17
18 200 3 1 0.33333 18
19 1000 3 3 1 19
20 120 2 2 1 20
21 300 2 2 1 21
22 50 2 1 0.5 22
23 10 2 2 1 23
24 30 2 3 1.5 24
25 110 1 2 2 25
26 230 1 2 2 26
27 40 1 1 1 27
28 180 1 2 2 28
29 20 1 2 2 29
30 150 1 2 2 30
31 60 1 3 3 31
32 100 1 1 1 32
33 400 3 3 1 33
34 80 3 1 0.33333 34
35 40 4 1 0.25 35

10
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3.2 Implementation, Experimental Setup

3.2.1 Greedy Algorithm

Several simple greedy algorithms have been developed and applied to the problem
set. These algorithms are constructive in nature and start with an empty set of
satisfied features. At each iteration, a feature is added to the set until no further
additions can be made without exceeding the resource bound. The choice of which
customer to select at each iteration is guided by a set of simple metrics.

First of all, all the features shown in Table 3.1 are sorted according their fitness
value or any other columns. Then all the features with the highest fitness value
will be selected into the solution until the budget bound has been reached. The
algorithm of the process of Greedy is described in Algorithm 1. The result will be
analysis in Section 3.3.1.

Algorithm 1: Greedy Algorithm
input : Nymumber of budgets; Nynumber of features; cost; budgets
output: solution

1 for i < 1 to Ny do

2 for j 1 to Ny do

3 if actualCost + cost(j) < budget(i) then
4 actualCost «—— actualCost + cost(j);
5 solution(j, 1) «— 1;

6 end

7 end

8 solution(Ny + 1,1) «— actualCost;

9 actualCost «— 0
10 end

3.2.2 NSGA-II

The implementation of NSGA-II algorithm is adopted from the recent work of Zhang
[11]. Initially, a random parent population Py is created. The population size is
N. The population is sorted using the non-dominated relations. Each solution
is assigned a fitness value equal to its non-domination level. Binary tournament
selection, crossover, and mutation operators are used to create a child population
Qo of size N. Then the NSGA-II procedure goes to the main loop which is described
in Table 2. The result is shown in Section 3.3.3.

3.2.3 Data Sensitivity Analysis

In this project, due to the models applied are relatively small enough to be solved
quickly, a brute force approach is implemented for sensitivity analysis: simply modify

11
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Algorithm 2: NSGA-IT Algorithm

1 while not stopping rule do

2 Leth:PtUQt;

3 Let F' = fast-non-dominated-sort(Ry;);
4 Let Por1 = 0 and i = 1;

5 while |P,i1| + |Fi] < N do

6 Apply crowding-distance-assignment(F;);
7 Let Poy1 = P U Fy;

8 Leti =1+ 1;

9 end

10 Sort(F;, < n);

11 Let Pry1 = Py U Fl[l : (N—|Pt+1|)];
12 Let Q¢+1 = make-new-pop(Py1);

13 Let t =t + 1;

14 end

the initial input data and run the algorithm repeatedly to see how the result changes.
Figure 3.1 And Spearman’s rank correlation coefficient is used to analysis how the
changes on result relates to the modify of initial data. It is worthwhile to mention
here that the indeterminacy of genetic algorithm causes uncertain interference on
the performance of sensitivity analysis. Pseudo random number is introduced to
NSGA-II to overcome this problem. The result analysis is discussed in Section
3.3.2.

Figure 3.1: Sensitivity Analysis Flow Chart

Value of each
Requirement

> Solution Set

MOEA
(NSGA IT) [

General Cost of each *ﬁ Pareto Fronts

Process Requirement

Sensitivity .
Analysis Tweak the CostJ

o

PRN J

& Statistic Analysis

Measure the DistancesJ

12
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3.3 Result Analysis

3.3.1 Result from Greedy Algorithm

Figure 3.2 illustrated the fitness value for 35 budgets obtained by the Greedy algo-
rithm. For comparison, there are 8 results are plotted on the same figure, including
7 from greedy algorithms and .the human expert ranking. For most of the budget
values, the Greedy algorithm produces results which significantly outperforms the
results from the human experts ranking.

3.3.2 Data Sensitivity & Statistical Analysis

Hamming Distance is used to measure the distance between ‘tweaked solution’ and
the ‘original solution’. Figure 3.3 is Hamming Distance of the ‘tweaked’ results and
the original solution. It is obvious that any increase in the cost of some feature
will result in a decreased fitness value, whereas any decrease in the cost of some
feature will bring about the opposite effect. Comparing with the sensitivity analysis
result from Yoo [10] the result obtained so far is relatively similar. A detailed result
analysis might be generated in next stage of the project.

60
50F A s A
401
[}
(%]
2 30t
L. . —x— Greedy 1
. —©6— Greedy 2
20r g Greedy 3
[m}
o® Greedy 4
&b ol —%— Greedy 5
101 - —4A— Greedy 6
o —+— Greedy 7
o B - Expert Ranking
0 5] Il Il Il Il T T
0 5 10 15 20 25 30 35
Budgets

Figure 3.2: Result of Greedy algorithm comparing to the Expert Ranking. Greedy
is much better than human expert.

13
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(a) Tweak Rate: +25% (b) Tweak Rate: —25%

Figure 3.3: Hamming Distance matrix, tweak rate = +25%

3.3.3 Result from NSGA-II

By adopting the recent work from Zhang [11], NSGA-II is applied to a set of syn-
thetic data which is created to model features for the next release.

3.3.4 Data Sensitivity & Statistical Analysis

Due to the indeterminacy of the NSGA—IT itself and the fact that it can not guarantee
obtaining the global optimum, every ‘run’ of the implementation would provide the
different solution result. In order to perform the sensitivity analysis, we need to
distinguish the different between the indeterminacy of the algorithm itself and the
changed caused by the ‘tweak’ on the input data. In Figure 3.4,

Furthermore, from Greedy to NSGA-II the distance between two solutions is
changed to two sets of solutions. In order to measure the distance between two
set of solutions, which actually are two Pareto fronts, the Generation Distance is
adopted [9]. Figure 3.5 shown the Euclidean distance from the original front to the
‘tweaked’ front. It is illustrated that the distance will increase when the tweak rate
is increased.

In order to observe the relation between the input and output parameters, the
results were statistically analyzed by Spearman’s rank correlation coefficient. The
correlation between of three pairs of parameters are calculated: (Tweak Rate and
Distance),(Cost and Distance) and (Value and Distance). As shown in Figure 3.6
the scatter plots do not suggest any strong reason to believe that these correlations
are linear, so Spearmans rank correlation coefficient is used to describe the relation-
ship between three pairs of separate variables, without assuming any linear relation
between them.

Table 3.3.4 shows a strong correlation between the tweak rate and the distance.
This mean the more of tweak rate on the input cost will cause more on distance of

14
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Feature Number

35E. I I
+50% +40% +30% +20% +10% 0 -10% -20% -30% -40% -50%
Tweak Rate

Figure 3.5: Euclidean Distance from the original front to the ‘tweaked’ front

output solution. On the other hand, as shown in Table 3.3.4, Spearman’s rank corre-
lation coefficient does not indicate a strong relation between the two pair parameters
(cost, distance) and (value, distance).

16
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Distances

Distance

Figure 3.6: Scatter plots for tweak rate, cost, value and distance between fronts.
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Requirement | prate P Requirement Prate P
1 0.6143 | 0.0031 16 0.1818 | 0.4302
2 0.9078 | 0.0000 17 0.5013 | 0.0206
3 0.9325 | 0.0000 18 0.8429 | 0.0000
4 0.7701 | 0.0000 19 0.3636 | 0.1051
5 0.8065 | 0.0000 20 0.4312 | 0.0510
6 0.9727 | 0.0000 21 0.4740 | 0.0299
7 0.6545 | 0.0013 22 0.4766 | 0.0289
8 0.7688 | 0.0000 23 0.7260 | 0.0002
9 0.9377 | 0.0000 24 0.3532 | 0.1162
10 0.9390 | 0.0000 25 0.0701 | 0.7626
11 0.9000 | 0.0000 26 0.1961 | 0.3942
12 0.7519 | 0.0001 27 0.0104 | 0.9643
13 0.9390 | 0.0000 28 0.1143 | 0.6218
14 0.8675 | 0.0000 29 —0.1195 | 0.6060
15 0.7714 | 0.0000 30 0.5169 | 0.0164

Table 3.2: Spearmans Rank Correlation Coefficient Table for tweak rate and dis-
tance: for all the 35 requirements we have the majority of p,qt which are lager than
the critical value 0.5.
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Rate Pcost Dcost Pualue Pualue
+50% 0.2012 | 0.2863 || 0.3290 | 0.0758
+45% 0.0855 | 0.6531 0.3713 | 0.0434
+40% || —0.0513 | 0.7878 || —0.1253 | 0.5096
+35% 0.0513 | 0.7878 || 0.4189 | 0.0212
+30% 0.0973 | 0.6089 || 0.3615 | 0.0497
+25% || 0.1287 | 0.4979 || 0.5253 | 0.0029
+20% 0.2215 | 0.2395 0.0496 | 0.7946
+15% || 0.0373 | 0.8450 || 0.0870 | 0.6476
+10% 0.1145 | 0.5470 || 0.4394 | 0.0151
+5% 0.1082 | 0.5692 0.1097 | 0.5640

0% 0.5003 | 0.0049 || 0.5000 | 0.0049
—5% || —0.0408 | 0.8304 || —0.0603 | 0.7516
—10% || —0.1111 | 0.5588 || —0.2872 | 0.1238
—15% || —0.2831 | 0.1296 || —0.1862 | 0.3245
—20% || —0.0021 | 0.9912 || —0.1497 | 0.4297
—25% || —0.2655 | 0.1562 || —0.1181 | 0.5341
—30% || —0.4580 | 0.0109 | 0.0162 | 0.9321
—35% || —0.3062 | 0.0998 || —0.3059 | 0.1002
—40% || —0.2673 | 0.1533 || —0.2917 | 0.1179
—45% || —0.4284 | 0.0182 || —0.4202 | 0.0208
—50% || —0.4175 | 0.0217 || —0.2877 | 0.1232

Table 3.3: Spearmans Rank Correlation Coefficient Table for (cost and distance)
and (value and distance) : for all the tweak we have the significant of p which are
lager than the critical value
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Chapter 4

Fairness Analysis

In the previous work, MONRP was tackled from the software engineer’s point of
view. The result could provides the solutions which balance the constrains between
the customer’s requests and the resources limitations. A new angle of the MONRP
is explored: Fuairness Analysis. The principle motivation of fairness analysis is try
to balance the requirements fulfillments between the customers. It could provide
a convincing reference from the view of marketing and help the decision maker to
maintain a record of fairness between customers. Firstly, the problem statement of
fairness analysis is introduced. Secondly, the procedure of the experimental setup is
described. And the result of the experiment is analyzed in the last section of this
chapter.

4.1 Problem Statement of Fairness Analysis

The problem model of fairness analysis is slightly different from the one of MONRP,
which has been addressed in section 3.1.2. For each existing software system, there
is a set of customers,

C={c1,c2, +,cm}
where m is the number of customers. Let R denote all the possible requirements
from the customers:

R={ri,ro, -, mn}
where n is the number of the total requirements. Each requirement r;(1 < i < n)

has its own cost; which represents the effort and resource it takes to implement the
requirement:

Cost = {costy, costa, - -, cost, }

In addition, each customer c;(1 < j < m) assign a value v;; to each requirement
ri(1 < i < n) based on the contribution to the business value of the product by that
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requirement.
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The decision vector T = {1, x2, -, x,} denote the solution set of which features

are chosen in the next release. In this vector, x; is ‘1’ if the i—th feature is selected;
and ‘0’ otherwise.

4.2 Two Principle for Objective Functions

As a matter of fact, the next release is not supposed to fulfilled all the requirement
claimed by every customers. Some of the requirement could be fulfilled and the other
must be eliminated. For the purpose of provide the fairness between customers
during the selection process, two principles of fairness are proposed to determine
whether the customers is been treated fairly: fair-resources—distribution principle
and fair—customer—satisfaction principle.

e Fair—Resource—Distribution Principle
The fair-resource—distribution principle holds that the over all resource should
be fairly allocated to each customer. One implication of this principle is the
measurement of distributed resource, which is the overall cost of the next
release in this case. If every customers all have the same amount of fulfilled
requirements in terms of the cost, then the fair-resource—distribution principle
is satisfied.

o Fair—Customer—Satisfaction Principle
However, suppose that two individual customer have fulfilled requirements
which are both worth £1000, but one has claimed for only £1000 requirements
then he got 100% satisfied and the other claims for ten thousands pounds and
only got 10% satisfied. Obviously, they are not in equal positions. They have
not been treated fairly under the fair—customer—satisfaction principle, which
states that each customers should have fair degree on satisfaction.

The first principle aims to give everyone a equal absolute amount whilst the
second principle aims to give everyone a equal percentage of fulfilled requirement.
In an ideal scenario, if all the customer claim for the same amount of requirement,
these two principle will share a unique formula. Because if two fractions share a

1 In Table 3.1, the Revenue is the attribute of the requirement itself, which is independent of
customers. Here, the Value of Requirement’s Value is assigned by customers.
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same denominator, asking for fairness (equivalency) on numerator is equal to asking
for fairness on the value of the two fractions. As a matter of fact, however, we can
not expect every customer claims for the same amount of the requirement. So these
two principles compose a pair of conflicting objective. For example, if the company
try to fairly satisfy its customer under the standard of the second principle, then
every customer has the same percentage of fulfilled requirements, thus it has to be
unfair under the standard of the first principle, because different customer ask for
different amount of requirements. The actual objective formula will be shown in
the next section along with the NSGA-II algorithm which is designed for multiple
conflicting objective optimization problem.

4.3 Implementation and Experimental Setup

4.3.1 NSGA-II and Objective Formulations

In the implementation of this project, the two fairness principle are taken into con-
sideration in order to analysis the confliction between them. The overall cost of the
next release is also treated as an objective to minimize for the purpose to explore
the whole set of Pareto—optimal frontier which is a valuable source for the decision
makers to decide which requirements to select at different budget levels.

4.3.1.1 Coverage

The Coverage of the customer’s requirement is the first meaningful index for the
analysis of customer’s satisfaction. Two kinds of coverage are considered in experi-
mental: absolute number of coverage and percentage of coverage.

In formula 4.1, we aim to maximize the fairness by giving every customer the
some absolute number of fulfilled requirements, which means minimize the standard
deviation of it:

Minimize: f1(%) = o(CVA) (4.1)
where the vector CVA = {CVAy,---,CV Ay} represents the absolute number of
fulfilled requirements for each customer.

n
CVAj = Z(xz VAN ’Uj@)
i=1

Similarly in formula 4.2, we aim to maximize the fairness by giving every cus-
tomer the some percentage of fulfilled requirements, which means minimize the stan-
dard deviation of it:

Minimize: fo(%) = o(CVP) (4.2)
where the vector CV P = {CV Py,---,CVP,} represents the percentage of fulfilled
requirement for each customer.

CVP; = v, x 100%
M;
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In this vector, M; is the total number of requirements claimed by the j-th customer
and C'V A, is the number of fulfilled ones.

4.3.1.2 Resource Allocation

The budget of the Next Release Problem is the main resource to consider. Under
the first principle, we aims to provides each customer the same amount of resource
which means every customer have the fulfilled requirement with same amount of
costs. To translate the objective into formula, we aims to minimize the standard
deviation of fulfilled cost between customers in equation 4.3:

Minimize: f3(%) = o(C) (4.3)

where the vector C = {C1,--+,Cp}! represents the costs of fulfilled requirement for
each customer. In this vector, Cj(1 < j < m) is the j-th customer’s fulfilled cost:

Cj =) (cost(i) x (i Avjs))
=1

The decision vector @ = {x1,z2,---,7,}> denote the solution set of features
which are chosen in the next release. In this vector, x; is ‘1’ if the i—th feature is
selected; and ‘0’ otherwise. On the other hand, the vector of (x; A v;; denote the
set of feature which are chosen in the next release and also required by the j—th
customer. In this vector, (z; A vj;) is ‘1" only if the i-th feature is chosen by the

j—th customer and in the next release at the same time, otherwise ‘0.

4.3.1.3 Customer’s Satisfaction

The value assigned by each customer for each requirement is very important for
the evaluation of customer’s satisfaction. In objective function 4.4 is considered to
maximizing the fairness on giving each customer the requirements with the same
amount of value, which means minimizing the standard deviation of the fulfilled
values between customers:

Minimize: f4(7) = o(VA) (4.4)

where the vector VA = {VAy,---,VA,} represents the fulfilled value for each
customer. In this vector, similarly, v;;(1 < j < m,1 <14 < n) is the value assigned
by the j—th customer to the i—th feature, and VA;(1 < j < m) is the j—th customer’s
fulfilled value:

n

VAj = (050 X (i Avj))
i=1

! m is the number of customers
2 n is the number of requirements
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Table 4.1: The Cost of Randomly Generated Feature Data Set

r1 T2 | T3 | T4 | T5 | T6 r7 T8 Ty T10
100 | 50 | 300 | 80 | 70 | 100 | 1000 | 40 | 200 | 20

Tl | T12 | 713 [ T4 | 715 | Ti6 | T17 | Ti8 | Ti9 | T20
1100 | 10 | 500 | 10 | 10 | 10 20 | 200 | 1000 | 120

T21 T22 | T23 | 24 | T25 | 726 Tra7 28 729 T30
300 | 50 | 10 | 30 | 110 | 230 | 40 180 | 20 150

Table 4.2: The Value Matrix of Randomly Generated Feature Data Set

! 72 3 T4 T'5 76 r7 T8 To | 710 | 711 | 712 | 713 | T14 | T'15
c1 1 3 3 5 2 0 1 4 3 2 5 4 2 1 3
co | 4 1 1 2 3 3 0 1 1 2 2 1 4 1 1
c3 | 2 1 1 2 4 3 2 4 4 1 2 2 2 2 1
cy | 3 0 2 0 1 2 1 2 4 0 3 2 2 4 )
cs | 2 0 4 1 3 2 2 5} ) 4 1 1 3 0 3

6 | 17 | 718 | T19 | T20 | T21 | 722 | 723 | T24 | T25 | T26 | 727 | 728 | 729 | T30
| 2 2 0 1 4 3 2 4 4 5 0 1 2 2 1
co | 2 1 3 1 3 0 1 4 5} 4 1 0 0 3 2
c3 | 1 3 0 5 1 2 2 0 0 2 3 0 0 4 3
ce | 3 3 1 0 ) 1 0 0 4 1 0 1 4 2 4
cs | 3 1 1 3 2 3 4 ) 3 4 2 0 5) 3 4

Similarly, the following objective function (4.5) is consider for maximizing the
fairness on giving each customer the requirements with the same percentage out of
what they claim for, which means minimizing the standard deviation of the percent-
age of fulfilled values between customers:

Minimize: f5(%) = o(VP) (4.5)

where the vector VP = {VP,---,VP,} represents the percentage of fulfilled value
for each customer.

A,
VP = # x 100%
> i1 Vi

4.3.2 Experimental Data Sets

Three sets of data are using to perform the fairness analysis.

The first data set is randomly generate according to the problem model, Table
4.1 describes the Cost of each requirement and Table 4.2 describes the Value matrix
of the data set.
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Table 4.3: The Value Matrix of Feature Data Set taken from Greer 2004 [5]
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The second data set is taken from Motorola Inc.[2] which was displayed in Table
3.1, Section 3.1.2. We consider that if customer ¢; claims for requirement 7;, then
vj; is set to ‘17, v;; is set to ‘0’otherwise.

The third data set is taken from Greer 2004 [5], which was shown in Table
4.3. Because Greer’s data does not contain the information about cost of each
requirement, for the purpose of feeding this useful industrial data into our algorithm,
all the cost is set to 1.

For summary of these three data set, in Figure 4.1, it shows the Sparsity Pattern
of their Value matrixes. Each spot represents a non-zero value assigned by customer.

Random Data
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Figure 4.1: Sparsity Pattern of Value matrix of three data sets
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4.4 Result Analysis

4.4.1 Scenario One: Fairness on Coverage

In order to analyze the fairness on Coverage, two implementation have been done.
The results are shown in Figure 4.2 and 4.3 respectively. In order to demonstrate the
progress of NSGA-II finding the optimal solutions, the initial populations, middle
populations and the final optimal are plotted in the figures. Each point represents
a subset of requirements for the next release, the small ‘o’, ‘x’ and solid ‘A’ is
respectively for the representation of the initial populations, middle population and
final optimal pareto front in the implementations.
Firstly, two objectives are considered for the optimization:

Maximize: mean(C VZ)

and
Minimize: O'(CVZ)

which aim to maximize the average coverage for all the customers whilst minimize the
standard deviation of the absolute number fulfilled requirements for each customer.

In the result shown in Figure 4.2, all the populations are plotted for three data
sets. We can observe that the objective function is guiding the population to move
towards the optimal front. The regular optimal front are shown in the results for
both Random data set and Motorola’s data set. On these two fronts, the standard
deviation of fulfilled requirements in increasing whilst the overall average number is
increasing, which means that the more requirements are fulfilled, the less fairness
leave for customer. This is because every customer in these two data set claims
for different number of requirements, during the subset of selected requirements
is growing, the algorithm is able to adjust the allocations of fulfilled requirement
to different customers to obtain a lower standard deviation (more fair). However,
eventually every customer has different number of fulfilled requirements when the
subset is full.

On the other hand, the result for the Greer’s data set shows the standard de-
viation is stay on the zero level. This is because of the sparsity pattern of Value
matrix of this data set which shown in Figure 4.1. In Greer’s data set, every cus-
tomer claims for every requirements, so all the customer have the same number of
fulfilled requirements no matter which requirements are selected in the next release.

The differences between the result of Rand data set and could also be explained
by the contrast of sparsity pattern of these data set. Comparing the Random data
set, in Motorola’s, every requirement is required by only one customer, the fact
of which causes the standard deviation increase more dramatic than the case in
Random data set.

Secondly, we consider another two objective functions in order to analyze the
fairness on the percentage of the fulfilled requirements:

Maximize: me(m(CVﬁ)
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and
Minimize: o(CV D)

which aim to maximize the overall average coverage whilst minimize the standard
deviation of the percentages of fulfill requirement for customers. The result are
shown in Figure 4.3.

From result we can see the optimal front ultimately becomes a single point where
all the requirements from all the customers are satisfied. So every customer has 100%
satisfaction without any unfairness. There is a very interesting observation in Figure
4.3 (b). The possible solutions are not able to get into the triangle area around 50%
fulfillment. The reason for this is the fact that the fourth customer in Motorola’s
data set only claims for one requirement. Thus, the percentage of fulfilled value for
this customer has to be either 0% or 100%. Only considering those solutions on
the edge of this triangle, when the overall percentage is growing between 0% and
50%, the fulfilled value for this customer is staying at 0%. This is because the other
customer’s fulfillment is below 50%, if the fourth customer has 100% fulfillment then
the standard deviation will go up and the solution will leave the edge. Thus, on the
edge of triangle between before 50% overall fulfillment, the standard deviation will
go up if one of the customer’s fulfillment is staying at zero and the other customer’s
fulfillment is increasing. For the same reason the triangle shape appears in subplot
(b) of Figure 4.3, subplot (b) of Figure 4.5 and Figure 4.8.

4.4.2 Scenario Two: Fairness on Value of Fulfilled Requirements

In this scenario, the fairness on the value of fulfilled requirements is analyzed. The
result for fairness analysis on absolute fulfilled value in shown Figure 4.4 and the
result for fairness analysis on percentage of fulfilled value is shown in Figure 4.5.
This scenario is implemented similarly with scenario one, but considering the Value
matrix of each data set instead of C'ost. And the observation is also very similar to
the previous one.

4.4.3 Scenario Three: Fairness on Value and Cost

For the purpose of obtaining the fairness information on different budget levels, the
overall cost of the next release is taken into consideration in this scenario. Four
objectives are considered in this scenario:

we aim to minimize the standard deviation of money spend on the customers,

Minimize: 0(6))

minimize the standard deviation of the percentage of fulfilled value for customers,
Minimize: J(V_f)))

maximize the overall average fulfillment,

Maximize: mean(V P)
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and finally minimize the overall cost of the next release.

The results are plotted in Figure 4.6, 4.7 and 4.8 respectively for three data
sets. From the results of Random data set and Motorola’s data set, it is obviously
that as the overall fulfillment is increasing the standard deviation of cost spend on
the customers is also increasing. This observation is matched with the results from
previous scenario.

4.4.4 Fairness Analysis Result Conclusion

To sum up all the observations above, we have following conclusions for the fairness
analysis. The fairness is highly depends on the definition of fair. From the results
of fairness analysis on absolute fulfillment of cost or value, we found that more
fulfillment will causes less fairness for customer. From the results of fairness analysis
on percentage of fulfillment, however, we found that 100% fulfillment will provide a
perfect fair solution.
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Absolute Number of Fulfilled Requirements
(Results for: Rand Data)
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Figure 4.2: Fairness on Coverage: (Absolute Number of Fulfilled Requirements)
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Persentage of Fulfilled Requirements (Number)
(Results for: Rand Data)
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Figure 4.3: Fairness on Coverage: (Percentage of Fulfilled Requirements)
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Absolute Values of Fulfilled Requirements
(Results for: Rand Data)
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Persentage of Fulfilled Requirements (Value)
(Results for: Rand Data)
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Chapter 5

Conclusion and Future Work

This project has shown that how the multi—objective evolutionary algorithm solve
the complex Next Release Problem, especially when some of the objectives are con-
flicting and how the search—based software engineering can provide the decision
makers with a set of unbiased optimal solutions.

Depending on the previous work of sensitivity analysis in single-objective search
algorithm, this project has developed the method to suit multi-objective evolution-
ary algorithm. The results have shown that the developed method for sensitivity
analysis in multi—objective algorithms is successful. For the purpose of developing
sensitivity analysis onto industrial level, the interdependence of requirements will
be a very interesting problem to be analyze in the future.

The other important contribution that the project has made is the analysis of
fairness in the Next Release Problem. It has proved that the definition of ‘fair’ is the
fundamental concept of providing fair solutions for the next release. By adopting
several comment definitions of ‘fair’, the results have shown the tradeoff between
fair and for . The future work suggested is to feed the developed problem model
with more real world data to testify the balance between maximizing the customer’s
satisfaction and minimizing the resource for development.

This project has also developed the visualization technique for multi—objective
optimization problems. However, it is only developed in four dimensions and call
for further developments.
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A.1 Code for Sensitivity Analysis

Listing A.1: NSGA-II

function f=nsga 2 (R, seed4init)

% clear;

% clc;

% load(’initialize_probleml1 15_40");
% clear ;

% clc

% %

%

% load (’inDataMoto.mat’);
% seedjinit = 3;

pop = 150; % population
gen = 80; % generation

% M : the number of objectives
% V : the number of requirements
% switch pro

% case 1

% chromosome = zeros (pop,V+4);
% chromosome matriz

chromosome = initialize_variables (pop,R,seed4init);
chromosome (pop ,V+4) = zeros;

chromosome = non_domination_sort_mod (chromosome );
for i =1 : gen

pool = round(pop/2);
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% what is this magic number?
tour = 5;

parent_chromosome = tournament_selection ...
(chromosome , pool , tour );

offspring_chromosome = genetic_operator ...
(parent_chromosome ,R);

[main_pop ,temp] = size (chromosome);
[offspring_pop ,temp| = size(offspring_chromosome);
intermediate_chromosome (1: main_pop ,:) = chromosome;

intermediate_chromosome (main_pop + 1
main_pop + offspring_pop,1 : MV) =
offspring_chromosome ;

%what does this mean?
intermediate_chromosome =
non_domination_sort_mod (intermediate_chromosome );

chromosome = replace_chromosome ...
(intermediate_chromosome ,pop);

%generation_=1

if "mod(i,10)
fprintf(’%d\n’,i);

end

end

% save ([’results/’ int2str (month(now)) ’_7...

int2str (day(now)) ’_’ int2str (hour(now)) ’_7 ...

% int2str (minute (now)) -7 int2str(second(now))...
"_Moto’

% |, ’chromosome ’);

% save solution.txt chromosome —ASCII

% figure
% hold on
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% for i =1 : pop

% if chromosome(i,V + M + 1)==1

% plot (chromosome (:,V + 1),chromosome(:,V + 2), ko’ );
% end

% end

% for i =1 : pop

% if chromosome(i,V + M + 1)==1

% f=[chromosome (:,V + 1),chromosome(:,V + 2)];

% end

% end

f=chromosome

% xlabel ("f(xz-1)");
% ylabel ("f(z-2));

Listing A.2: evaluate_objective

function f = evaluate_objective (x,R)
% Function to evaluate the objective functions for the

given input vector
% x. x has the decision wvariables

f=1I;

[mM=size (R);

x=x (1:M);

%% Objective function one
sum=0;

sum=R (2 ,:)*xx’; % suml
f(1) = sum;

%% Objective function two
sum2=0;

sum2=R (1 ,:)xx’; % sum2 : cost

Y%sum2=100—sum?2 ;
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Listing A.3: initialize_variables

function f = initialize_variables (N,R,seed4init)
% min = 0;

% maxr = 1;

[M, num_of_requirement| = size(R);

M = num_of_requirement ;

K=M+ 2;

% f =1

seed_for_rand = seed4init ;

% N : population number
%M : requirements number
rand ( ’seed’ ,seed_for_rand );

for i =1 : N
for j =1 : M
f(i,j) = round(rand (1)); %initial population
end
f(i, M+l : K) = evaluate_objective(f(i,:) ,R);
end

Listing A.4: non_domination_sort_mod.m

function f = non_domination_sort_mod (x)
[N, col] = size(x);

M= 2;

V = col —4;

% overwrite variable M
% switch problem

% case 1

% M= 2;

% - 40;

% case 2

% M= 2;

% = 80;

% case 3
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% M= 2;
% — 140;
% case 4

% M= 2;
% = 15;
% case 5

% M= 2;
% V = 20;
% end

front = 1;
F(front).f = [];
individual = [];

for i =1 : N
individual (i).n = 0;
individual (i).p = [];

for j =1 : N

dom_less = 0;
dom_equal = 0;
dom_more = 0;
% flag_equal = 0;

for k=1 : M
if (x(1,V+ k) < x(j,V+ k))

dom_less = dom_less + 1;
elseif (x(i,V+ k) = x(j,V + k))
dom_equal = dom_equal + 1;

else
dom_more = dom_more + 1;
end

end

if (dom_less==0||dom_more==0) && ...
dom_equal "= M
% .p .n : index for mon_domination

%if dom_equal "= M
if dom_less = 0
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% .p : positive
individual (i).p = [individual (i).p j];
% record the non_dominated individual

else %if dom_-more == 0 66 dom_equal "= M
% .n : nagitive
individual (i).n = individual(i).n + 1;
% record the number of domination

end
Yend
end
end
if individual(i).n = O % individual (i) is non_dominate
x(1,M+V + 1) =
F(front).f = [F front).f il;
end

end

while “isempty (F(front).f)
Q= [I;
for i =1 : length(F(front).f)
%loop all the front points
if “isempty(individual (F(front).f(i)).p)
for j =1 : length(individual (F(front).f(i)).p)
% loop all the mon_dominated points

individual (individual ...
(F(front).f(i)).p(j)).n = ...
individual (individual ...

(F(front).f(i)).p(j)).n — 1;

if individual(individual...
(F(front ). f(i)).p(j)).n =0
x(individual (...
F(front).f(i)).p(j) M+ V + 1) =
front + 1;
Q = [Q individual (F(front).f(i)).p(j)];

end
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end
end
end
front = front + 1;
F(front).f = Q;
end

[temp,index_of_fronts] = sort(x(: M+ V + 1));

for i =1 : length(index_of_fronts)
sorted_based_on_front (i,:) = x(index_of_fronts (i) ,:);

end

current_index = 0;

for front = 1 : (length(F) — 1)

y = [
previous_index = current_index + 1;
for i =1 : length(F(front).f)
y(i,:) = sorted_based_on_front(current_index + i,:);
end
current_index = current_index + i;
% sorted_based_on_objective = [];
for =1:M

i

[sorted_based_on_objective , index_of_objectives]|=...
sort(y(:,V + 1));

sorted_based_on_objective = [];

for j =1 : length(index_of_objectives)
sorted_based_on_objective(j,:) =...
y(index_of_objectives(j) ,:);

end

fmax = ...
sorted_based_on_objective (length ...
(index_of_objectives), V + 1i);

f_min = sorted_based_on_objective (1, V + 1);

y(index_of_objectives (length ...

(index_of_objectives )) M+ V + 1 + i)...
= Inf;

y(index_of_objectives (1) M+ V + 1 + i) = Inf;

for j = 2 : length(index_of_objectives) — 1
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f

next_obj = sorted_based_on_objective ...

(j + 1,V +1i);

previous_obj = sorted_based_on_objective ...
(j — 1L,V +1i);

if (fomax — f_min = 0)

y(index_of_objectives(j),...
M+ V+ 1+ i) = Inf,;

else
% normalisation
y(index_of_objectives(j) M +...

V4+1+i)=
(next_obj — previous_obj)...
/(f.max — f_min);
end
end
end
distance = [];

}

distance (:,1) = zeros(length(F(front).f),1);
for i =1 :M

distance (:,1) = distance (:,1) + y...

(:M+V+4+1+i);
end
y(: .M+ V + 2) = distance;
y=y(:,1 : M4+ V + 2);
z(previous_index:current_index ,:) = y;

= z();

Listing A.5: genetic_operator

function f = genetic_operator (parent_chromosome ,R)
[N,M] = size(parent_chromosome );
[M,V] = size(R);

= 2

XX £

switch pro

case 1
M= 2;
= 40’-
case 2
M= 2;
= 80;
case &8
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% M= 2;
% = 140;
% case 4

% M= 2;
% - 15;
% case 5

% M= 2;
% V = 20;
% end

p=1;
was_crossover = 0;
was_mutation = 0;

for i =1 : N
if rand(1) < 0.8
child_1 = [];
child_2 = [];
parent_1 = round(Nxrand(1));
if parent_.1 < 1
parent_1 = 1;
end
parent_2 = round(Nxrand(1));
if parent_ 2 < 1
parent_2 = 1;
end

while isequal (parent_.chromosome (parent_1 ,:) ,...

parent_chromosome (parent_2 ,:))
parent_2 = round(Nxrand(1));
if parent_ 2 < 1
parent_2 = 1;

end
end
parent_1 = parent_chromosome (parent_1 ,:);
parent_2 = parent_chromosome (parent_2 ,:);

u=l+4round (rand (1)*(V—1));
for j =1 : u
child_1(j) = parent_1(j);
child_2(j) = parent_2(j);
end
for j= u+l : V
child_1(j) = parent_2(j);
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end

child_2(j) = parent_1(j);
end

child_.1(:,V+ 1: M+ V) =
evaluate_objective (child_1 ,R);
child_2(:,V+ 1: M+ V) = ...
evaluate_objective (child_2 ,R);
was_crossover = 1;
was_mutation = 0;
end

if rand(1)< 0.2
parent_3 = round (Nsrand(1));
if parent_.3 < 1
parent_3 = 1;

end
child_3 = parent_chromosome (parent_3 ,:);
w = l4+round(rand (1)*(V—-1));
if child_ 3 (w) =
child_3 (w) = 1;
else
child_3 (w) =0;
end

child 3(:,V+ 1: M+ V) = ...
evaluate_objective (child_3 ,R);
was_mutation = 1;
was_crossover = 0;
end

if was_crossover
child (p,:) = child_1;
child (p+1,:) = child_2;
was_cossover = 0;
p=p+ 2
elseif was_mutation
child (p,:) = child_3(1,1 : M+ V);
was_mutation = 0;
p=p+ 1
end
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f = child;

Listing A.6: replace_chromosome
function f = replace_chromosome (intermediate_chromosome ,pop)
[N,V] = size(intermediate_chromosome );

V = V-4,

M= 2;

% switch pro

% case 1
% M= 2;
% = 40;
% case 2

% = 2;
% = 80;
% case 8

% = 2;
% = 140;
% case 4

% = 2;
% = 15;
% case 5

% = 2;
% V= 20,
% end

[temp,index] = sort(intermediate_chromosome (: M+ V + 1));

for i =1 : N
sorted_chromosome (i ,:) =
intermediate_chromosome (index (i) ,:);
end

max_rank = max(intermediate_chromosome (: M+ V 4+ 1));

previous_index = 0;

for i = 1 : max_rank
current_index = max(find (sorted_chromosome ...
(M+V+1) =1i));
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if current_index > pop
remaining = pop — previous_index;
temp_pop =
sorted_chromosome (previous_index +
1 : current_index , :);
[temp_sort ,temp_sort_index] = ...
sort (temp_pop (:, M+ V 4+ 2), ’descend’);
for j = 1 : remaining
f(previous_index + j,:) = ...
temp_pop (temp_sort_index (j) ,:);

end
return;
elseif current_index < pop
f(previous_index + 1 : current_index, :) =
sorted_chromosome ...
(previous_index + 1 : current_index, :);
else
f(previous_index + 1 : current_index, :) =
sorted_chromosome ...
(previous_index + 1 : current_index, :);
return;
end
previous_index = current_index;
end
Listing A.7: tournament_selection
function f = tournament_selection (chromosome ,

pool_size ,tour_size)

[pop, variables] = size (chromosome);
rank = variables — 1;

distance = variables;

candidate = [];

c_obj_rank = [];
c_obj_distance = [];

for i =1 : pool_size
for j =1 : tour_size

candidate(j) = round(pop*rand(l));

if candidate(j) =

candidate (]

)=;
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end
if j >1
while “isempty(find (candidate(l : j — 1)...
— candidate(j),1))
YASEMPTY (FIND (z, 1))
candidate(j) = round(pop*rand(1));
if candidate(j) = 0
candidate(j) = 1;
end
end
end
end
for j =1 : tour_size
c_obj_rank (j) = chromosome ...
(candidate(j),rank);
c_obj_distance(j) = chromosome. ..
(candidate(j),distance);
end

min_candidate =
find (c_obj_rank =— min(c_obj_rank));

if length(min_candidate) "= 1
max_candidate = ...
find(c_obj_distance (min_candidate) ==...
max(c_obj_distance (min_candidate)));

?

if length(max_candidate) "= 1
max_candidate = max_candidate (1);
end
f(i,:) = chromosome(candidate ...
(min_candidate (max_candidate)) ,:);
else
f(i,:) = chromosome(candidate ...
(min_candidate (1)) ,:);
end
end
Listing A.8: tweak_analysis
function dis_caused_by_tweak = tweak_analysis...

(original_fronts ,tweaked_fronts)

[p,q] = size(tweaked_fronts);
number_of _fronts = q;
% o_indexr = analysis_fronts(original_fronts);
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% t_index = analysis_fronts(tweaked_fronts);

sum_of_dis = 0;
for i =1 : number_of_fronts
sum_of_dis = sum_of_dis 4+ dis_front_to_fronts ...
(tweaked_fronts(i).individual ,original_fronts);
end

dis_caused_by_tweak = sum_of_dis / number_of _fronts;
% dis_caused_by_tweak = dis_of_2fronts ...
% (original_fronts (o_indez),tweaked_fronts(t_index))

Listing A.9: switch_tweak_rate

function f=switch_tweak rate(j)

switch j

case 1

tweak_rate = 0;
case 2

tweak_rate = —0.05;
case 3

tweak_rate = 0.05;
case 4

tweak_rate = —0.1;
case 9

tweak_rate = 0.1;
case 6

tweak_rate = —0.15;
case 7

tweak_rate = 0.15;
case 8

tweak_rate = —0.2;
case 9

tweak_rate = 0.2;
case 10

tweak_rate = —0.25;
case 11

tweak_rate = 0.25;
case 12

tweak_rate = —0.3;
case 13

tweak_rate = 0.3;
case 14
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tweak_rate = —0.35;
case 15

tweak_rate = 0.35;
case 16

tweak_rate = —0.4;
case 17

tweak_rate = 0.4;
case 18

tweak_rate = —0.45;
case 19

tweak_rate = 0.45;
case 20

tweak_rate = —0.5;
case 21

tweak_rate = 0.5;
otherwise
fprintf( ’Unknown.j._for_tweak_rate.’);
end

f=tweak_rate;

Listing A.10: dis_front_to_fronts

function dis_of_front_to_fronts =
dis_front_to_fronts (frt_individual , fronts)

[p,q] = size(fronts);
number_of_fronts = q;

sum_of_dis=0;
for j =1 : number_of_fronts
sum_of_dis = sum_of_dis + dis_of_2fronts ...
(frt_individual , fronts(j).individual);
end

dis_of _front_to_fronts = sum_of_dis /...
number_of_fronts;

Listing A.11: dis_of 2fronts

function [dis_of_2fronts]|=...

dis_of_2fronts (frontl ,front2 ,dflg)

% frontl & front2 are both pxq matriz

% p = num_of_population

% q = num_of_requirement + num_of_objectives + 2
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[pop,q] = size(frontl);

% pop = p; %population number
V=q - 4; %requirement mnumber
M= 2; %objective number

%% mormalise the fitness space

front1_-X = frontl (:
frontl . Y = frontl (:
front2_.X = front2 (:,V + 1
front2_.Y = front2 (:

maz_f1-X = maz(frontl1_X);
max_f1_Y = maz(frontl1 Y );
maz_-f2-X = maz(front2_X );
max_f2_Y = maz(front2_Y );
min_f1-X = min(frontl1_X);
min_f1.Y = min(frontl1_Y );
min_f2_X = min(front2_X);
min_f2_.Y = min(front2_Y );

RN N N N RN ¥ ¥ N K K

flz = (front1_-X min_f1-X) / (max_f1-X — min_f1_X);
% fly = (front1.Y — min_f1.Y) / (maz_f1.Y — min_f1.Y);
% f2x = (front2.X — min_f2.X) / (max_f2.X — min_f2_X);
% f2y = (front2.Y — min_f2.Y) / (maz_f2.Y — min_f2_.Y);

flx (frontl _X) / 55;
fly = (frontl.Y) / —6740;
f2x = (front2_X) / 55;
f2y = (front2.Y) / —6740;

%% calculate the FEuclidean Distance between ...
two fronts

for i =1 : pop
disP2F_A (i) = dis_pt_-to_front ([flx(i),...
fly (i)],[f2x,f2y], dflg);

end

dl = mean(disP2F_A);
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for i =1 : pop
disP2F B (i) = dis_pt_to_front ([f2x (i) ,...
f2y (i)],[flx fly], dflg);

end
if dflg

d2 = —mean(disP2F _B);
else

d2 = mean(disP2F _B);
end

dis_of_2fronts = (d1 + d2)/2;
% dis_of_2fronts=dl;

Listing A.12: dis_pt_to_front

function dis_of_pt_to_front = ...
dis_pt_to_front (point ,front ,dlfg)
% both ’point’ and ’front’ are mormalized.

[pop,d] = size(front );
dis_temp = Inf;
index = 0;

for i =1 : pop
% dis = distance (point,front(i,:));
dis = sqrt(sqrt((point (1) —...
front(i,1)) "2 + (point(2) — front(i,2))"2
% dis = (point(1) — front(i,1))"2 + (point(2)
— front(i,2)) 2 ;

% pl=point (1)
% p2=point (2)
% fl=front(i,1)
% f2=front(i,2)
if ( dis < dis_temp )
dis_temp = dis;
index = i;
end
end

% if ((point(1)—0)"2 + (point(2)—1)°2)<...
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((front (index,1)—0)"24(front (index,2) —1)"2)
% dis_temp = —dis_temp ;
% end

% if (point(1)>front(index,1))&E(point(2)<...
front (index ,2))

% dis_temp
% else
it difg

if (point(l)<front (index,1))&&(point(2)>...
front (index ,2))
dis_temp = — dis_temp;
elseif (point(1l)>front (index,1))&&(point (2)...
>front (index ,2))...
&&((point (1) —front (index ,1)) <=...
(point (2)—front (index ,2)))
dis_temp = — dis_temp;
elseif (point(l)<front (index,l))&&(point (2)...
<front (index ,2))...
&&((front (index ,1) — point(1l))>=...
(front (index ,2) — point(2)))
dis_.temp = — dis_temp;
end
end

dis_of_pt_to_front = dis_temp;

Listing A.13: bl_21tweak_35R

function bl _21tweak 35R (R, seed4init)

% clc;
% clear;

% load (’inDataMoto ’);

% [M,V] = size(R);

M= 2;

tweak_time = 21;
sample_time = 1;
original _ R = R;

[rows, cols] = size(R);
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num_of_requirements = cols;
tweak = [];

tweak . requirement = [];
tweak.requirement . front = [];

for j =1 : tweak_time
tweak_rate = switch_tweak_rate(j);
for k = 1 : num_of_requirements

R = original _R;
R(1,k) = ( original R(1,k) % ( 1 + tweak_rate ) );

tweak (j ). requirement (k). front = nsga_2(R,seed4init);

fprintf(’First _.Round_Processing:\n"’)
fprintf(num2str( (j—1) =
num_of_requirements + k ))
fprintf(’_out_of.")
fprintf(num2str(num_of_requirements
* sample_time x tweak_time))
fprintf(’\nTweak_rate.=_")
fprintf(num2str(tweak_rate))
fprintf(’\nRequirement_No. ")
fprintf(num2str(k))
fprintf(’\nThere_are.’)
fprintf(num2str( 100%((j—1) =
num_of_requirements + k —1 ) /...

(num_of_requirements x

sample_time x tweak_time)))
fprintf( '%%._finished!\n")

end
end

save ([ 'results /tweak_2nd_’ int2str(seed4init )]);

?

fprintf(’All_done!\n’)

Listing A.14: analysis_fronts

function index_of_representive = analysis_fronts (fronts)
% analysis fronts within a tweak
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% fronts is a matriz of n fronts

[p,q] = size(fronts);
number_of_fronts = q;

sum_of_dis =[];

for i = 1 : number_of_fronts
sum_of_dis (i)=0;
for j =1 : number_of_fronts

sum_of _dis(i) = sum_of_dis(i) + dis_of_2fronts ...
(fronts (i).individual ,fronts(j).individual);
end
end

[x,index_of_representive] = min(sum_of_dis);

Listing A.15: analysis_1kRun

%function analysis_1kRun ()

clc;

clear;

load (’1000runs_40Reqs_5Tweaks_5Samples.mat’);
[x,number_of requirement| = size(f);
[x,number_of_tweak] = size(f(1).tweak);
[x,number_of _sample] = size(f(1).tweak(1).front);

original _fronts = f(40).tweak (3).front;
o_-index=analysis_fronts (original_fronts)
orgn_frt_individual = original_fronts(o_index).individual;

for k = 1 : number_of_requirement
for j = 1 : number_of_tweak
disl (k,j)=...
dis_front_to_fronts (orgn_frt_individual ,...
f(k).tweak(j).front);

% dis2=[];

% for k =1 : number_of_-requirement
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% for j =1 : number_of_tweak

% dis2(k,j)=...

% tweak_analysis (f(k).tweak(j). front ,...
original_fronts);

% end

% k

% end

Listing A.16: a6_spearman_rank_correlation

% function ab_spearman_rank_correlation

clc;

clear;

tweak_time = 21;

num _of_requirements = 30;

%% select source data for input X
prob = 1;
switch prob
case 1
load(’a6_30R_21tweak_3_change_seed’);
case 2
load (’a6_30R_21tweak_2");
end

%% select the source data for output Y
dflg =1
switch dflg
case 1
load(’a6_dis_direction ’);
case 2
load(’a6_dis_nodirection’);
end

%% define
% X (input): ’see each following case
% Y (output): the distance from original front

7

pairs = 2
switch pairs
case 1
% for one paticular requirement
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% tweak_rate vs dis

% == input X == tweak rate inorder
X=-1=% [1:1:21]"; %decreasing

% == output Y == dis

Y = disl ’;

% == calculate the coefficient ==

[r,t,p] = a6_spear (X,Y);
plot (X,Y, ko ")

case 2
% for one paticular tweak_rate
% cost wvs dis

% == input X == list of 30 cost of the requirement
tX = original R (5,:)7;
for i =1 : 21
index = (i—1)%30;
X(index+(1:30)) = tX’;
end
X=X";

% == output Y == dis

£Y = disl:

for i =1 : 21
index2 = (i—1)%30;
Y(index2+(1:30)) = (tY(:,1i));

end

Y=Y,

BY = Y(:,5:17);

% == calculate the coefficient ==
[r,t,p] = ab_spear (X,Y);
plot (X,Y, ko ")

case 3

% for one paticular tweak_rate
% value_of_requirement vs dis
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% == input X == list of the wvalue of each requirement
temp_C = original_C (1:4);

temp_ R = original R (1:4,1:30);

X = (temp-C * temp-R)’;

v == output Y == dis
Y = disl;

% == calculate the coefficient ==
[r,t,p] = ab_spear (X,Y);
plot (X,Y, ko ")

end

%% calculate the correlation coefficient

% [r,t,p] = a6_spear(z,Y);

Listing A.17: a6_analysis

%  function a6_analysis

% clc;

% clear ;

load(’'results/tweak_2nd_10");

dflg = 1; % direction flag

prob = 1;

[x,number_of_tweak]| = size(tweak);
[x,number_of_requirement| = size (tweak(1l).requirement );
[x,number_of _sample] = size(tweak(1).requirement (1).front);

% original_fronts = tweak (3).requirement (1). front;
% o_index=analysis_fronts(original_fronts)

% orgn_frt_individual = original_fronts(o_index ). individual;
orgn_frt = tweak(1).requirement (1).front;
disl =][];
for k =1 number_of_requirement
for j = 1 : number_of_tweak
% k
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% J
disl(k,j)=...
dis_of_2fronts(orgn_frt ,...
tweak (j).requirement (k). front ,dflg);

% if 7>6
% disl(k,j)=...
% dis_of_2fronts (orgn_frt ,...
tweak (j).requirement (k). front );
% else
% disl(k,j)=...
% dis_of_2fronts (orgn_frt ,...
tweak (j).requirement (k). front );
% end
end
k
end
%%

[row, col]=size (disl );
dis2=zeros (row, col );

for i=1:10
dis2(:,11—1)=disl (:,2%1);
dis2 (:,1411)=disl (:,142%1);

end

dis2 (:,11)=disl (:,1);

7

imagesc(dis2); figure(gcf)

Listing A.18: a6_30R_21tweak_lsample

% function a6_30R_17tweak_1sample

clc;
clear;

load (’a5_2C_30R7);

% [M,V] = size(R);
M= 2;

tweak_time = 21;
sample_time = 1;
original _ R = R;
original _C = C;
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[rows, cols]

num_of_requirements

tweak = [];

size (R);

cols;

tweak.requirement = [];

tweak .requirement . front

for j 1
switch j

tweak_time

case 1

tweak_rate

case 2

tweak_rate

case 3

tweak_rate

case 4

tweak_rate

case b5

tweak_rate

case 6

%

tweak_rate

case 7

%

tweak_rate

case 8

%

tweak_rate

case 9

%

tweak_rate

case 10

%

tweak_rate

case 11

%

tweak_rate

case 12

%

tweak_rate

case 13

%

tweak_rate

[1;

0.50;
0.45;
0.40;
0.35;
0.30;

continue ;
0.25;

continue;
0.20;

continue ;
0.15;

continue ;
0.10;

continue ;
0.05;

continue;
0.00;

continue;
—0.05;

continue ;
—0.10;
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end

for

case 14

% continue

tweak_rate = —0.15;
case 15

% continue ;

tweak_rate = —0.20;
case 16

% continue ;

tweak_rate = —0.25;
case 17

tweak_rate = —0.30;
case 18

tweak_rate = —0.35;
case 19

tweak_rate = —0.40;
case 20

tweak_rate = —0.45;
case 21

tweak_rate = —0.50;
otherwise

break;
k =1 : num_of_requirements

R = original_R;
R(rows,k)=(original R (rows,k)x(1+tweak_rate));
fprintf(’First _Round_Processing:\n’)
fprintf (num2str( (j—1)

* num_of_requirements + k ))
fprintf(’_out_of.")
fprintf(num2str(num_of_requirements ...

x sample_time * tweak _time))
fprintf(’\nTweak_rate_=_")
fprintf(num2str(tweak_rate))
fprintf(’\nRequirement._No. ")
fprintf(num2str(k))
fprintf(’\nThere_are.’)
fprintf(num2str( 100*((j—1)

* num_of_requirements + k —1 )/...
(num_of_requirements x
sample_time x tweak_time)))

fprintf ( '%J%.finished!\n")
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tweak (j ). requirement (k). front = nsga_2(R,C);
end
end

% save(’ a6_30R_21tweak_3_change_seed ...
‘original R’ ,’original _C’, tweak’);
a6_30R_21tweak_2;

fprintf(’All_done!\n")

Listing A.19: a6_30R_21tweak_2

function a6_30R_21tweak_2;

% clc;
clear

load (’a5_2C_30R7);

% [M,V] = size(R);

M= 2;
tweak_time = 21;
sample_time = 1;

original _ R = R;
original _C = C;

[rows, cols] = size(R);
num_of_requirements = cols;
tweak = [];

tweak . requirement = [];
tweak.requirement . front = [];

for j =1 : tweak_time
switch j
case 1
tweak_rate = 0.50;
case 2
tweak_rate = 0.45;
case 3
tweak_rate = 0.40;
case 4
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tweak_rate
case 9

tweak_rate
case 6

%

tweak_rate
case 7

%

tweak_rate
case 8

%

tweak_rate
case 9

%

tweak_rate
case 10

%

tweak_rate
case 11

%

tweak_rate
case 12

%

tweak_rate
case 13

%

tweak_rate
case 14

%

tweak_rate
case 15

%

tweak_rate
case 16

%

tweak_rate
case 17

tweak_rate
case 18

tweak_rate
case 19

tweak_rate
case 20

0.35;
0.30;

continue ;
0.25;

continue ;
0.20;

continue ;
0.15;

continue ;
0.10;

continue;
0.05;

continue ;
0.00;

continue ;
—0.05;

continue;
—0.10;

continue
—0.15;

continue ;
—0.20;

continue;
—0.25;

—0.30;
—0.35;

—0.40;
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tweak_rate = —0.45;
case 21
tweak_rate = —0.50;
otherwise
break;
end
for k = 1 : num_of_requirements

R = original_R;
R(rows,k) = ( original R (rows,k) =
(1 + tweak_rate ) );
fprintf(’Second _Round_Processing:\n"’)
fprintf(num2str( (j—1) * num_of_requirements
fprintf(’_out_of.’)
fprintf(num2str(num_of_requirements ...
x sample_time * tweak_time))
fprintf(’\nTweak_rate._=_")
fprintf(num2str(tweak _rate))
fprintf(’\nRequirement_No. ")
fprintf(num2str(k))
fprintf(’\nThere_are.’)
fprintf(num2str( 100*((j—1) =
num_of_requirements + k —1 )/...
(num_of_requirements
sample_time x tweak_time)))
fprintf( '%%._finished!\n")

tweak (j ). requirement (k). front = nsga_2(R,C);

end
end

% save(’ a6_30R_21tweak_4_change_seed ...
‘original _R 7, original _C’  ’tweak’);

fprintf(’All_done!\n")

+ k)

Listing A.20: a6_draw_spear_Scatter

% function ab6_draw_spear_Scatter

% figure
% X = -X;
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prob = 3;

switch prob
case 1
plot (X,Y, ’07)
hold on
title(’Scatterplot._of_Tweak_Rate ...
uuuuuuuu vs.._Distance_for _30_Requirements’
"FontSize’ ,14);
xlabel ("Tweak_Rate’);
ylabel(’Distance’);
set (gca, 'XTick’ ,1:1:21)
set (gca, 'XLim’ ,[0,22])
set (gca, 'XTickLabel” ,{...
"50% 7, 745% ,40% , *35% ", *30%° ..
'25%7,°20% 7, '15% 7, '10% 7, 5% 7 ...
0.
—5%7,'=10%" , '=15%" , '=20%" , '—25%" ...
30% ' —35% , '—40% , —45% " , —50%

1)
% set(gca, YTick’,1:1:50)
% set(gca, YTickLabel  ,1:1:50)
case 2
plot (X,Y(:,[5 11 17]),’0")
hold on

legend ("+30%°, 0%, —30%" ,2)
title (’Scatterplot_of_Cost.vs....
uuuuuuuu Distance .with .+30%,0%,-30%._increase ...
uuuuuuuu on._the_Cost’, FontSize’ ,14);
xlabel (’Cost_of _Requirement ’);
ylabel (' Distance’);
set(gca, XTick’,1:1:21)
set(gca, XLim’,[0,22])
set(gca,’ XTickLabel " ,{...
50%°,45% 7, 40% 7, 735% ", °30% ", ...
25%7,°20%7,°15%7,°10% 7, 5%, ...
0.
5%, —10%",—15%","—=20%",—25%,...
—30%°,—85% ", —40%,—45% ", —50%"’
1y
set(gca, YTick’,1:1:30)
set(gca, YTickLabel ’,1:1:30)

N N F N R ¥ R N K ® K
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case 3
plot (X,Y(:,[5 11 17]),’0")
hold on
legend ( "+30% ", 0%, —30%" ,2)
title (’Scatterplot._.of_Value_vs....

uuuuuuuu Distance _with .+30%,0%,—30%._increase . ..

uuuuuuuu on_the_.Cost’,’FontSize’ ,14);
xlabel (’Value_of_Requirement’);
ylabel (’Distance’);

end

Listing A.21: a6_draw_dis

% function ab_draw_dis

figure;

imagesc (disl);

title (’Distance.v.s._Tweak’);

xlabel ( 'Tweak_Rate’);

ylabel(’Requirement _Number’ );

set (gca, "XTick’ ,1:1:21)

set (gca, 'XTickLabel” ,{...
"50%, '45% ", 40% ° , *35% ", '30% " , ...
25%7,720% 7, '15% 7, '10% 7, 5%, . ..
00 ..
—5%7,'=10%" , '=15% ", '—=20% ", '—25% " ,...
0%, —35% , —40% " , —45% " , —50%
)

set (gca, "YTick’ ,1:1:30)

set (gca, 'YTickLabel’ ,1:1:30)

Listing A.22: comp_20

%function comp_20(R,C)

clc;

load (’initialize_problemb5.2_20.mat’);
V=40;

M=2;

pareto_range =[];

pareto_range (k).tweak(j).individual =[];
sample_time=1;

tweak_time=>5;

original _R=R;
original _C=C;
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[rows, cols]=size (R);
num_of_requirements=cols;

% for k=1:num_of_requirements

% for j=1:tweak_time

% switch j

% case 1

% tweak_rate = 0.25;
% case 2

% tweak_rate = 0.15;
% case 38

% tweak_rate = 0;

% case /

% tweak_rate = —0.15;
% case 5

% tweak_rate = —0.25;
% end

%

% R = original_R;

% R(rows,k) = ( original_R (rows,k) x

(1 — tweak_rate ) );

% f(k). tweak(j). front=[];

% pareto_range (k). tweak(j). individual =[];

%

% for i=1:sample_time

% %sample_=i ;

% processing = ( kxsample_timextweak_time

+ ixjxk ). ..
% /( num_of_requirements x
sample_time x tweak_time)

% f(k). tweak(j). front(i).individual=nsga_2(R,C);

% pareto_range (k). tweak(j). individual =...

% [pareto_range (k). tweak(j).individual ;...

% [f(k). tweak(j). front(i).individual ...
(:,VHMA+1) ...

% f(k).tweak(j). front(i).individual ...
(:,VAM+2)]...

% /;

% end

% end

% end
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%

figure (1)

hold on

for k =1 : num_of_requirements
% k=5;

for j =1 : tweak_time

1=2;
switch j
case 1
clr="ro’;
for i =1 : sample_time
if f(k).tweak(j).front(i)....
individual (i ,V + M + 1)==
plot (f(k).tweak(j).front(i)....
individual (:,V 4+ 1) ,...
f(k).tweak(j).front(i)....
individual (:,V + 2),clr);
end
end
case 2
clr="g+7;
case 3
clr="bs"’
for i =1 : sample_time
if f(k).tweak(j).front(i)....
individual (i,V +M + 1)==
plot (f(k).tweak(j)....
front (i).individual (: ,V + 1) ,...
f(k).tweak(j).front(i)....
individual (: ,V + 2),clr);
end
end
case 4
clr="kx
case 9
clr="yd’

)

for i =1 sample_time

if f(k).tweak(j).front(i).individual...
(i,V+M+ 1)==1

plot (f(k).tweak(j).front(i).individua ...
1(:,V+1),...
f(k).tweak(j).front(i).individual...
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(:,V+ 2),clr);
end
end
end
end
end

% plot(pareto_range (k). tweak(j).individual (:,1),...
% pareto_range (k). tweak(j). individual (:,2), ko’ ,);

A.2 Code for Fairness Analysis

Listing A.23: nsga_2FA

% function f=nsga_2(dataFlag,pro)
clear;
clc;
pro = 401;

% %

pop = 200; % population

gen = 100; % generation

drawflag=0;
saveflag=1;
sample_rate=1;
CheckFullFlag=0;

dataFlag = 3;
switch dataFlag

case 1
load ('initialRand ”);
dir = ’results\1_Rand\ ’;
dataset = ’'1_RandomData_’;
dataname = ’'Rand_Data’;

case 2
load (’initialMoto ’);
dir = ’results\2_Moto\ ’;
dataset = ’2_MotoData___";
dataname = ’Moto’;

case 3
load(’initialGreer’);
dir = 'results\3_Greer\’;
dataset = ’3_GreerData__’;
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dataname = ’Greer’;
end
[m,n] = size(C);
% pro = 1;
% Mazx the sum of FRV walue for each customer
% pro = 2;

% Max the owverall coverage of requirement for
each customer

% pro = 3;
% cost vs score
% pro = 4;

% four objectives: cost,score,expected value of
ranking ,standard deviation of rank

% pro = 5; % three objectives: cost,score,...
standard deviation of rank
% pro = 6; % two objectives: expected walue ,...

and standard deviation of

% (fulfilled_rank) / (total_rank)
% pro = 7; % two objectives: Min Cost,
Min standard deviation of
% (fulfilled_-rank) / (total_-rank)
% %
% pro = 8; % two objectives:
Max mean of ’4’ coverage
% % Min std
% pro = 9; % two objectives:
Max mean of ’3’ coverage
% % Min std
% pro = 10; % two objectives:
Max mean of ’2’ coverage
% % Min std
% there is a point with std=0
% pro = 11; % two objectives: Max mean
of ’1’ coverage
% % Min std
% pro = 12; % two objectives: Max mean of 5’ coverage
% % Min std
% pro = 13; % three objectives: Min Cost
% % Maz Mean of average requirements
% % Min Std of fulfilled requirements
o7
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Y=—===== two objectives: NUMBER
A
% pro = 101;
% %
/A

G

Y=—————— two objectives: VALUES

pro = 201;
%

three objectives

pro = 301;
%

R N N R R N K XN

switch pro
case {1,2,3,6,7,8,9,10,11,12,501}
M= 2;
case {4,401}
M= 4; % M : the number of objectives
case {5,13}
M= 3;
otherwise
disp ( 'unknown’);
end

if pro>100&&pro <299
M= 2;
end

if pro>300&&pro <400
M= 3;
end

% chromosome = zeros (pop,V+4);
% chromosome matriz
chromosome = initialize_variables (pop,R,C,M, pro);

chromosome (pop ,n4M+2) = zeros;
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chromosome = non_domination_sort_mod (chromosome ,M;n);

save ([dir,dataset,’pro_’,int2str(pro),’_Ogen’] , ...
’chromosome )

if drawflag==
drawswitch (pro ,dataname ) ;
end

if drawflag==
switch M

case 2
h=plot (chromosome (: ,n + 1),—chromosome . ..
(:,n + 2),’rx");

case {4,5}
h=plot3 (chromosome (: ,n + 1),—chromosome. ..
(:,n + 2),chromosome (:,n + 3), x");
hold on
grid on
title (’Score_vs_Cost_vs_Average_Rank’)
xlabel(’Score’)
ylabel (' Cost’)
zlabel (' Average_Rank’)

case 3
h=plot3 (chromosome (: ,n + 1),—chromosome. ..
(:,n + 2),chromosome (:,n + 3),’rx");

hold on
grid on
% title ("Cost vs Mean and Std of
Fulfilled Values’)
% zlabel (’Cost’)
% ylabel ("Average Fulfilled Values’)
% zlabel (’Standard Deviation ’)
end
end
for i =1 : gen
% if i==2lli==4||i==6||i==8|[i==10]]...
i==15||i==20
% save ([’ front ’,int2str(pro),’_ 7, ...
int2str(i), gen’], ’chromosome’)
% end
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pool = round(pop/2);
i

% what is this magic number?

tour = 5;

parent_chromosome = tournament_selection ...
(chromosome , pool , tour );

offspring_chromosome = genetic_operator ...
(parent_chromosome ,R,C,M;n, pro, CheckFullFlag);

[main_pop ,temp] = size (chromosome);
[offspring_pop ,temp| = size(offspring_chromosome);
intermediate_chromosome (1: main_pop ,:) = chromosome;

intermediate_chromosome (main_pop + 1
main_pop + offspring _pop,1 : Myn) =
offspring_chromosome;

intermediate_.chromosome =
non_domination_sort_mod (intermediate_chromosome ,M;n);

chromosome = replace_chromosome (intermediate_chromosome ,p

if pro==5
qq=[chromosome (: ,n + 1),—chromosome. ..
,0n + 2),chromosome (:,n + 3)];

z=sort(qq,1, descend ’);

if (mod(i,10))==5
plot3(x(:,1),x(:,2),2(:,8), ' r.—");
hold on

elseif “mod(i,10)
plot3(x(:,1),x(:,2),2(:,8), k.—");
hold on

else
plot3(z(:,1),z(:,2),x(:,8),".=");
hold on

end

N XN NN RN

end
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=)

% X(:,i)=aa(:,1);
% Y(:,i)=aa(:,2);
% Z(:,i)=aa(:,3);
%

%generation_=i

N oSN ©

if drawflag==1

switch M
case 2
% for i =1 : pop
% if (chromosome (i ,n+M+1)==1)

h=plot (chromosome (: ,n + 1) ,...
—chromosome (:,n + 2),"%x");
% end
% end

case {4,5}
h=plot3 (chromosome (: ,n + 1) ,...
—chromosome (: ,n + 2),chromosome(:,n + 3),’%")|;
hold on
grid on
title (’Score_vs._.Cost_vs_Average_Rank’)
xlabel(’Score’)
ylabel (' Cost’)
zlabel ("Average_Rank’)

case 3
h=plot3 (chromosome (: ,n + 1) ,...
—chromosome (: ,n + 2) ,...

chromosome (: ,n + 3), %" );
end
end

if "mod(i,sample_rate)
fprintf(’%d\n’,i);

if saveflag==1
save ([dir,dataset,’pro.’,int2str...
(pro),’ -’ ,int2str(i), gen’], ’chromosome’)
end

end
end

%save solution.txt chromosome —ASCII
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Listing A.24: evaluate_objectiveFA

function f = evaluate_objective (x,R,C,M, pro)

% Function to evaluate the objective functions for the given
% x. x has the decision wvariables

f =11

%[temp ,n]=size (R);
[m,n]=size (C);

switch pro

%% two objectives: NUMBER ==
o7
case 101
% pro = 101; absolute: Maxr mean, Min std ON
% %
f = prol01(x,R,C,m,n);
case 102
% pro = 102; persentage: Mazx mean, Min std ON
% %
f = prol02(x,R,C,m,n);
%% two objectives: VALUES ==
o7
case 201
% pro = 201; absolute: Maxr mean, Min std ON
% %
f = pro201(x,R,C,m,n);
case 202
% pro = 202; persentage: Mazx mean, Min std ON
% %
f = pro202(x,R,C,m,n);
%% three objectives =——————
%
case 301
% pro = 801; absolute: Maxr mean, Min std ON
% %
f = prol01(x,R,C,m,n);

sum_cost=0;
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for i =1 : n
sum_cost = sum_cost + R(1,1)*x(1);
end
%% Objective function two
f(3) = —sum_cost;
case 302
% pro = 302; persentage: Max mean, Min std ON
% %

f = prol02(x,R,C,m,n);

sum_cost =0;

for i =1 : n
sum_cost = sum_cost + R(1,1i)*x(1i);
end
%% Objective function two
f(3) = —sum_cost;
case 303
% pro = 301; absolute: Max mean, Min std ON
% 7
f = pro201(x,R,C,m,n);
sum_cost =0;
for i =1 : n
sum_cost = sum_cost + R(1,1i)*x(i);
end
%% Objective function two
f(3) = —sum_cost;
case 304
% pro = 301; absolute: Max mean, Min std ON
% 7
f = pro202(x,R,C,m,n);
sum_cost =0;
for i =1 : n
sum_cost = sum_cost + R(1,1i)*x(i);
end
%% Objective function two
f(3) = —sum_cost;

82




A.2 Code for Fairness Analysis

Min std ON

%% four objectives ———————
(/A
case 401
% pro = 301; absolute Value: Max mean,
% %
f = pro202(x,R,C,m,n);
sum _cost =0;
for i =1 : n
sum_cost = sum_cost + R(1,1i)*x(1i);
end
%% Objective function two
f(3) = —sum_cost;

% Objective function four

f(4) = proMinStdCost (x,R,C,m,n);
%% Cost: Min Cost, Min Std of Cost_array
%

case 501
sum _cost =0;
for i =1 : n
sum_cost = sum_cost + R(1,1)*x(1);
end

%% Objective function two
f(1) = —sum_cost;

% Objective function four
f(2) = proMinStdCost (x,R,C,m,n);

%% Others
%
case 1
% Customer Rank
% two objectives: f1: max expected
value of values from each customer
% f2: min standard
deviation of value for each
% customer
% sum_of_rank = 0;
% allrank = sum(C);
% for i =1 : n
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% n : requirement number
% sum_of_rank = ...
sum_of_rank + x(i)xallrank (i);
% end
sumrank_all_customer = zeros(1,m);
for i =1 :n
for j =1 :m
sumrank_all_customer(j) = .
sumrank_all_customer (j) + ...
X(l)*C(J ai)§
end
end

%% Objective function one
f(1) = mean(sumrank_all_customer );

%% Objective function two

f(2) = —std(sumrank_all_customer );
case 6
% F/T := (fulfilled_rank) / (total_-rank)
% two objective: f1: max the
expected value of F/T
% f2: min the
standard deviation of F/T

%

sum_of_rank_matrix = zeros(m,n);

% coverage_matriz = zeros(m,n);

% r =ux(l:n);

for i =1 :m
for j =1 : n

sum_of_rank_matrix(i,j) = C(i,j)*x(]);

end

end

sum_of FT _array = zeros(1,m);

for i =1 :m
sum_of FT _array (i) =
sum(sum_of_rank_matrix (i,:))

Jsum(C(i ;1))
end
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%% Objective function one

%total_sum_of-rank = sum(sum...
(sum_of FT _matrix));
% allones_matrizc = ones(m,n);

% most_possible_coverage_matriz = ...
C&allones_matrix ;

f(1) = mean(sum_of FT _array );

% individual_sum_of_rank_array = zeros(1,m);
% for 7 =1 :m

% individual_sum_of_rank_array(j) = ...

% sum(sum_of_-rank_-matriz(j,:));
% end

%

%% Objective function two
f(2) = —std(sum_of FT _array);

case 13
% Cost vs Mean and Std of
% three objectives: f1: Min the over all Cost

% f2: Max the average
of fulfilled requirements
% f8: Min the Std of ...

fulfilled requirements

sum_cost =0;
for i =1 : n
sum_cost = sum_cost + R(1,1i)*x(i);
end
%% Objective function two
f(1) = —sum _cost;

% F/T := (fulfilled_-rank) / (total_-rank)

% two objective: f1: max the expected ...
value of F/T

% f2: min the standard...
deviation of F/T

%

sum_of_rank _matrix = zeros(m,n);

% coverage_matriz = zeros(m,n);
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% r =ux(l:n);
for i =1 :m
for j =1 :n
sum_of_rank _matrix(i,j) = C(i,j)*x(j);

end
end
sum_of FT _array = zeros(1,m);
for i =1 :m

sum_of FT _array (i) =
sum(sum_of_rank_matrix (i,:))

Jsum (C(i 1))
end
%% Objective function one
%total_sum_of_rank = sum(sum(sum_of FT_matrixz));
% allones_matriz = ones(m,n);
% most_possible_coverage_matrix ...

= C&allones_matrix;
f(2) = mean(sum _of FT _array);

individual_sum_of_rank_array = zeros(1,m);
for 5 =1 :m
individual_sum_of_rank_array(j) =
sum(sum_of_-rank_matriz(j,:));
end

N N N N K X

%% Objective function two
f(3) = —std(sum_of FT _array);

case 2
% Coverage for all
% two objective: f1:
max the average of coverage rate
% f2:
min the standard deviation of coverage of
% each customers
sum_of_coverage = 0;
coverage matrix = zeros(m,n);
x = x(1l:n);
for i =1 :m

coverage matrix(i,:) = C(i,:) & x ;
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end

%sum_of_coverage = sum(sum(coverage_-matriz));
allones_matrix = ones(m,n);
most_possible_coverage_matrix = C&allones_matrix;
customer_coverage_array = zeros(l,m);

for i =1 :m

customer_coverage_array (i) =
sum( coverage_matrix (i,:))
/ sum(most_possible_coverage matrix (i, :));
end

%% Objective function one

f(1) = mean(customer_coverage_array) ;

%% Objective function two

f(2) = —std(customer_coverage_array );

% customer_coverage_array = zeros(1,m);
% sum_of_requirements = 0;

% for j =1 :m

% sum_of_requirements = sum(C(j,:)...

& omnes(1,n));

% customer_coverage_array(j)= ...
% 10% (sum(coverage_matriz(j,:)))
/ sum_of_requirements;
% end
case 3 % cost wvs score
%suml = 0;
score = 0;
sum_of_rank = 0;
for i=1 : n % M : requirement
for j=1m
sum_of_rank = sum_of_rank +
C(j,i)*x(i); % suml : score
end
score = score + R(2,1i)*xsum_of_rank;
end

%% Objective function one
f(1) = score;

sum_cost =0;

for i =1 : n
sum_cost = sum_cost+R(1,1)*x(1);
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% sum?2 : cost
end

Fsum2=100—sum2;
%% Objective function two
f(2) = —sum_cost;

case 4 % Min cost, Max score,
% Max expected value of Customer
Ranking, Min standard deviation

%suml = 0;
score = 0;
sum_of_rank = 0;
for i=1 : n % M : requirement
for j=1mm
sum_of_rank = sum_of_rank —+...
C(j,i)*x(i); % suml : score
end
score = score + R(2,i)*sum_of_rank;
end

%% Objective function one
f(1) = score;

sum_cost =0;

for i =1 : n
sum_cost = sum_cost+R(1,1)*x(1);
% sum2 : cost

end

Zsum2=100—sum?2;
%% Objective function two
f(2) = —sum_cost;

% Customer Rank

% two objectives: f1: max expected

value of rank from each customer

% f2: min standard

deviation of value for each

% customer

sum_of_rank = 0;

allrank = sum(C);

for i =1 : n % n : requirement number
sum_of_rank = sum_of_rank +
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x(i)*xallrank (1);
end
%% Objective function one
f(3) = sum_of_rank /(n+m) ;

sumrank_all_customer = zeros(1,m);
for i =1 :n
for j =1 :m

sumrank_all_customer (j) =
sumrank_all _customer(j) +
x(1)xC(j,1); % sum?2 :
end
end

%% Objective function two
f(4) = —std(sumrank_all_customer);

case 5 % Min cost, Max score,
% Min standard deviation

%suml = 0;
score = 0;
sum_of_rank = 0;
for i=1 : n % M : requirement
for j=1m
sum_of_rank = sum_of_rank +...
C(j,i)*x(1); % suml : score
end
score = score + R(2,i)*xsum_of_rank;
end

%% Objective function one
f(1) = score;

sum_cost=0;

for i =1 : n
sum_cost = sum_cost+R(1,1)*x(1);
% sum2 : cost

end

%sum2=100—sum2 ;
%% Objective function two
f(2) = —sum_cost;
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% Customer Rank

% two objectives: f1: max expected
value of rank from each customer
% f2: min standard
deviation of value for each
% customer
sumrank_all_customer = zeros(1,m);
for i =1 : n

for j =1 :m

sumrank_all _customer(j) =
sumrank_all_customer (j) +
x(1)xC(j,1); % sum2 :
end
end

%% Objective function two

f(3) = —std(sumrank_all_customer );
case 7

% Coverage for all

% two objective: f1: max the

expected value of sum_of_rank of

% fulfilled requirement
% f2: min the
standard deviation
%
sum_of _rank_matrix = zeros(m,n);
% coverage_matriz = zeros(m,n);
% r =uz(l:n);
for i =1 :m
for j =1 : n
sum_of_rank_matrix(i,j) =...
C(i,i)ex(j);
end
end
sum_of FT _array = zeros(1,m);
for i =1 :m
sum_of FT _array (i) = sum...
(sum_of_rank_matrix(i,:))...
/ sum(C(i 1))
end
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%% Objective function one

%total_sum_of-rank = sum(sum...
(sum_of FT _matrix));

% allones_matrizc = ones(m,n);

% most_possible_coverage_matrix =...

C&allones_matrix ;

% f(1) = mean(sum_of FT_array);

% individual_sum_of_rank_array = zeros(1,m);

% for j =1 :m

% individual_sum_of_rank_array(j) = ...

% sum(sum_of_rank_-matriz(j,:));

% end

%

%% Objective function two
f(1) = —std(sum_of FT _array );

sum_cost=0;

for i =1 : n
sum_cost = sum_cost+R(1,1)*x(1);
% sum2 : cost

end

Zsum2=100—sum2;

%% Objective function two
f(2) = —sum_cost;

7

case 8
% Coverage for °4°
% two objective: f1: max the average...
of coverage for ’'4°
% f2: min the standard...
deviation of coverage for
% 47 of

% each customers

N

sum_of_coverage = 0;
coverage matrix = zeros(m,n);
x = x(l:n);
objective_matrix = zeros(m,n);
for i =1 m

for j =1 : n
i (C(i,§)==4)
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objective_matrix (i,j) = 1;
end
end
end
for i =1 :m
coverage matrix(i,:) = ...
objective_matrix (i,:) & x ;
end
%sum_of_coverage = sum(sum(coverage_-matrizc));
% allones_matric = ones(m,n);
% most_possible_coverage_matric
= objective_matrix&allones_matrix;
customer_coverage_array = zeros(l,m);
for i =1 :m
customer_coverage_array (i) =
sum(coverage matrix(i,:)) ...
/ sum(objective_matrix (i, :));

end

%% Objective function one

f(1) = mean(customer_coverage_array) ;

%% Objective function two

f(2) = —std(customer_coverage_array );

% customer_coverage_array = zeros(1,m);
% sum_of_-requirements = 0;

% for 5 =1 :m

% sum_of_-requirements =

sum(C(j,:) & ones(l,n)).;”

% customer_coverage_array(j)= ...
% 10x(sum(coverage_matrixz(j,:)))...
/ sum_of_requirements;
% end
% %
case 9
% Coverage for '3’
% two objective: f1: max the average...
of coverage for ’4°
% f2: min the standard....
deviation of coverage for
% 47 of
% each customers
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cover_for = 3;
sum_of_coverage = 0;
coverage matrix = zeros(m,n);
x = x(1l:n);
objective_matrix = zeros(m,n);
for i =1 m
for j =1 : n
if (C(i,j)==cover_for)
objective_matrix (i,j) = 1;
end
end
end
for i =1 :m
coverage _matrix (i,:) =
objective_matrix(i,:) & x ;

end
customer_coverage_array = zeros(l,m);
for i =1 :m

customer_coverage_array (i) =
sum(coverage_matrix (i,:)) ...
/ sum(objective matrix(i,:));

end

%% Objective function one

f(1) = mean(customer_coverage_array) ;

%% Objective function two

f(2) = —std(customer_coverage_array );

% %
case 10

% Coverage for ’'2°7

% two objective : f1: max the

average of coverage for 4’

% f2: min the

standard deviation of coverage for

% 47 of

% each customers

cover_for = 2;

sum_of_coverage = 0;

coverage_matrix = zeros(m,n);

x = x(1l:n);

objective_matrix = zeros(m,n);
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for i =1 m
for j =1 : n
if (C(i,j)==cover_for)
objective_matrix(i,j) = 1;
end
end
end
for i =1 :m
coverage matrix(i,:) =
objective_matrix(i,:) & x ;

end
customer_coverage_array = zeros(l,m);
for i =1 :m

customer_coverage_array (i) =
sum(coverage matrix(i,:)) ...
/ sum(objective_matrix (i, :));

end

%% Objective function one

f(1) = mean(customer_coverage_array) ;

%% Objective function two

f(2) = —std(customer_coverage_array );

% %
case 11

% Coverage for 1’7

% two objective: f1: maz the

average of coverage for 4’

% f2: min the

standard deviation of coverage for

% 4 of

% each customers

cover_for = 1;

sum_of_coverage = 0;

coverage matrix = zeros(m,n);

x = x(1l:n);

objective_matrix = zeros(m,n);

for i =1 m

for j =1 : n
if (C(i,j)==cover_for)
objective matrix(i,j) = 1;
end
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end

end

for i =1 :m
coverage _matrix (i,:) =
objective_matrix (i,:) & x ;

end
customer_coverage_array = zeros(1l,m);
for i =1 : m

if (sum(objective_matrix (i,:))
customer_coverage_array (i
else

——0)
) = 1;

customer_coverage_array (i) =
sum(coverage matrix(i,:)) ...
/ sum(objective_matrix (i ,:));
end
end

%% Objective function one

f(1) = mean(customer_coverage_array) ;

%% Objective function two

f(2) = —std(customer_coverage_array );

% %
case 12

% Coverage for ’5°

% two objective: f1: max the

average of coverage for ’4°

% f2: min the

standard deviation of coverage for

% 47 of

% each customers

cover_for = 5;

sum_of_coverage = 0;

coverage_matrix = zeros(m,n);

x = x(1l:n);

objective_matrix = zeros(m,n);

for i =1 :m

for j =1 : n
if (C(i,j)==cover_for)
objective_matrix (i,j) = 1;
end
end
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end

for i =1 :m
coverage matrix (i,:) =
objective_matrix (i,:) & x ;

end
customer_coverage_array = zeros(1l,m);
for i =1 :m

customer_coverage_array (i) =
sum(coverage matrix(i,:)) ...
/ sum(objective_matrix (i,:));

end

%% Objective function one

f(1) = mean(customer_coverage_array) ;
%% Objective function two
f(2) = —std(customer_coverage_array );
(A

otherwise

disp ( 'Unknown_Problem!! )
end

Listing A.25: initialGreer

function initialGreer ()

clear;
m=>5; % number of customers
n=20; % number of requirements

%% Variables Description

% R: requirement matrix

% R(1,:)——cost of each requirement

% R(2,:)——wvalue of each requirement

% C: customers Ranking matriz

% C(i,j)——the i.th customer gives the rank...
value for the j.th requirement

R = ones(2, n);
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C = zeros(m, n);

R(1,:)=]...
100, 50, 300, 80, 70, 100, 1000,
40, 200, 20, 1100, 10, 500, 10,
10, 10, 20, 200, 1000, 120, 300,
50, 10, 30, 110, 230, 40, 180,
20, 150, 60, 100, 400, 80, 40];

R T ¥ ¥ R ¥ R K ¥ K RN K K

R(2,:)=]...

3,8, 1, 1, 1, 3, 3,

2, 2,2, 2,1, 1, 1,

1, 1, 8, 3, 3, 2, 2,

2,2, 2,1, 1, 1, 1, .

1, 1, 1, 1, 3, 38, 4];

C=...

42125 52444 23424 44132 ;
44224 51445 23244 23231 ;.
53334 52444 24154 12332 ;
45233 42423 52324 35432 ;.
54245 42452 45344 11241 ];

save initialGreer R C;

Listing A.26: initialMoto

% function initialMoto ()

clear;
m=4; % number of customers
n=35; % number of requirements

seed_for_rand = 10;
rand( 'seed ’ ,seed_for_rand );

%% Variables Description
% R: requirement matrix
% R(1,:)——cost of each requirement
% R(2,:)——wvalue of each requirement
% C: customers Ranking matriz
% C(i,j)——the i.th customer gives ...
the rank value for the j.th requirement
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R = zeros(2, n
C = zeros(m, n

—~

R(1,:)=]...
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C(3,:) =1]...
1, 1, 0, 0, O,
1, 1, 0, 0, O,
0o, 0, 0, 0, O,
0o, 1, 1, 1, 0,
0o, 0, 0, 0, 0O,
0o, 0, 0, 0, O,
0, 0, 1, 1, 0,
5

C(4,35) = 1;

save initialMoto R C;

Listing A.27: initialRand

function initialRand ()

clear;

m=>5; % number of customers
n=30; % number of requirements
seed_for_rand = 10;

rand( 'seed ’ ,seed_for_rand );

%% Variables Description
% R: requirement matrix
% R(1,:)——cost of each requirement
% R(2,:)——wvalue of each requirement
% C: customers Ranking matriz
% C(i,j)——the i.th customer
gives the rank value for the j.th requirement

R = zeros(2, n);
C = zeros(m, n);

R(1,:)=]...
100, 50, 300, 80, 0 ...
100, 1000, 40, 200, 20 ...
1100, 10, 500, 10, 0 ...
10, 20, 200, 1000, 120 ...
300, 50, 10, 30, 110 ...
230, 40, 180, 20, 150 2% ...
% 60, 100, 400, 80 %, 40
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N W W~ W W
NN W~ W

) ) ) ) ]a %;
% 3,1, 8, 1 %, 1
% /3
for i=1m
for j=1:n
C(i,j)=round(5+rand(1));
end

end

save initialRand R C;

Listing A.28: prol01

function f = prol0l(x,R,C,m,n)
% Number Absolute

% two objectives: f1: mazx average of number of fulfilled
% requirements
% f2: min standard deviation
x = x(l:n);
coverage_matrix = zeros(m,n);
for i =1 :m
coverage matrix(i,:) = C(i,:) & x ;
end
num_all_customer = zeros(1l,m);
for i =1 :m
num_all_customer (i) = sum(coverage_matrix(i,:));
end

%% Objective function one
f(1) = mean(num_all_customer );

%% Objective function two
f(2) = —std(num_all_customer );
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Listing A.29: prol02

function f = prol02(x,R,C,m,n)

% Coverage for all
% two objective : f1: max
the average of coverage rate
% f2: min
the standard deviation of coverage of
% each customers

% sum_of_coverage = 0;
coverage_matrix = zeros(m,n);
x = x(1l:n);
for i =1 :m
coverage_matrix(i,:) = C(i,:) & x ;
end
%sum_of_coverage = sum(sum(coverage_matriz));
allones_matrix = ones(m,n);
most_possible_coverage matrix = C&allones_matrix;
customer_coverage_array = zeros(l,m);
for i =1 :m
customer_coverage_array (i) =
sum(coverage matrix (i,:))
/ sum(most_possible_coverage matrix (i, :));
end

%% Objective function one

f(1) = mean(customer_coverage_array) ;
%% Objective function two
f(2) = —std(customer_coverage_array );

Listing A.30: pro201

function f = prol01(x,R,C,m,n)
% Number Absolute

% two objectives: f1: max average of number of fulfilled
% requirements
% f2: min standard deviation
x = x(1l:n);
coverage matrix = zeros(m,n);
for i =1 :m
coverage matrix(i,:) = C(i,:) & x ;
end
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num_all_customer = zeros(1,m);
for i =1 :m

num _all_customer (i) = sum(coverage matrix(i,:));
end

%% Objective function one
f(1) = mean(num _all_customer );

%% Objective function two
f(2) = —std(num_all_customer );

Listing A.31: pro202

function f = prol02(x,R,C,m,n)

% Coverage for all
% two objective: f1: mazx ...
the average of coverage rate
% f2: min
the standard deviation of coverage of
% each customers

% sum_of_coverage = 0;
coverage matrix = zeros(m,n);
x = x(1l:n);
for i =1 :m
coverage_matrix(i,:) = C(i,:) & x ;
end
%sum_of_coverage = sum(sum(coverage_matriz));
allones_matrix = ones(m,n);
most_possible_coverage matrix = C&allones_matrix;
customer_coverage_array = zeros(l,m);
for i =1 :m
customer_coverage_array (i) =
sum(coverage matrix (i,:))
/ sum(most_possible_coverage_matrix (i,:));
end

%% Objective function one

f(1) = mean(customer_coverage_array) ;
%% Objective function two
f(2) = —std(customer_coverage_array );

Listing A.32: proCost
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function f = proCost(x,R,C,m,n)

% COST
% two objective : f1: ...
min the overall cost
% f2:...
min the standard
deviation of cost spend on each
% customer
%
sum_cost=0;
for i =1 : n
sum_cost = sum_cost + R(1,1)*x(1i);
end
%% Objective function one
f(1) = —sum _cost;
sum_of_cost_matrix = zeros(m,n);
% coverage_matriz = zeros(m,n);
% r=uz(l:n);
for i =1 :m
for j =1 n

sum_of_cost_matrix(i,j)...

= C(i3)x():

end

end

sum_of FT _array = zeros(1,m);

for i =1 :m
sum_of FT array (i) = sum(...
sum_of_rank_matrix(i,:))

Jsum(C(i ,:))
end

%% Objective function two
f(2) = —std(sum_of _FT _array);

Listing A.33: proMinStdCost

function f = proMinStdCost(x,R,C,m,n)

% COST
% two objective: f1: min the owverall cost
% f2: min the standard ...
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deviation of cost spend on each

% customer
%
sum_of_cost_matrix = zeros(m,n);
% coverage_matriz = zeros(m,n);
% T =z(l:n);
for i =1 :m
for j =1 n
sum_of_cost_matrix(i,j) =
C(i,j)=R(1,j)*x(]j);
end
end
sum_of _cost_array = zeros(1,m);
for i =1 :m
sum_of _cost_array (i) =
sum(sum_of_cost_matrix (i,:));
end

%% Objective function two
f = —std(sum_of_cost_array );

Listing A.34: spyOnC

% function spyOnC
figure
hold on

load initialRand

subplot (3,1,1); spy(C)

title ('Random.Data’, FontSize’,13)
xlabel (')

% ylabel (’Customers’)

load initialMoto

subplot (3,1,2); spy(C)

title (’Data_from_Moto’,’FontSize’ ,13)
xlabel ()

ylabel(’Customers’)
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load initialGreer

subplot (3,1,3); spy(C)

title (’Data_from_Greer’,’FontSize’,13)
xlabel (’Requirements’)

% ylabel (’Customers’)

Listing A.35: drawswitch

function drawswitch (pro,dataname)
figure
grid on
switch pro
case 101
hold on
title ({ ’Absolute .Number_of_Fulfilled ...
uuuuuuuu Requirements.’ ;...
["(Results_for:.’ ,dataname,’)’]}...
, " FontSize’ 13, FontWeight’, "Demi ")
xlabel (’Average _Number._of_Fulfilled....
uuuuuuuu Requirements )
ylabel(’Standard_.Deviation )
% zlim ([15 85])
% ylim ([0 4.5])
case 102
hold on
title ({ 'Persentage_of_Fulfilled....
uuuuuuuu Requirements.(Number) ’ ;...
["(Results_for:.’  ,dataname,’)...
uuuuuuuuuuuu "1}, FontSize’ ,13, FontWeight ', ’Demi’)
xlabel (’Average_Persentage )
ylabel (’Standard_Deviation )
% zlim ([15 85])
% ylim ([0 4.5])
case 201
hold on
title ({ ’Absolute_.Values_of _Fulfilled ...
uuuuuuuu Requirements’ ;...
["(Results_for:.’ ,dataname,’)’ ]} ,...
"FontSize’ ,13, FontWeight’, "Demi )
xlabel (’Average_Valures’)
ylabel (’Standard._Deviation )
% zlim ([15 85])
% ylim ([0 4.5])
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case 202

hold on

title ({ 'Persentage_of_Fulfilled....

Requirements.(Value) ;...
["(Results_for:.’ ,dataname,’)’ ]} ,...
"FontSize’ ,13, FontWeight’, ’Demi’)

xlabel (’Average_Persentage )

ylabel (’Standard._.Deviation )

e e e e e

% zlim ([15 85])

% ylim ([0 4.5])
case 301

hold on

title ({ Absolute Number_of_Fulfilled....

Requirements.(Number) _vs_Cost ;...
["(Results_for:.’ ,dataname,’)’ ]} ,...
"FontSize’ ,13, FontWeight’, ’Demi’)

xlabel (’Average_Number_of_Requirements’)

ylabel (’Standard._Deviation )

zlabel (’Cost ")

e e e e e

% zlim ([15 85])

% ylim ([0 4.5])
case 302

hold on

title ({ 'Persentage_of_Fulfilled....

Requirements.(Number)_vs_Cost ;...
["(Results_for:.’ ,dataname,’)’ ]} ,...
"FontSize’ ,13, FontWeight’, ’Demi’)

xlabel (’Average_Persentage._(Number) ")

ylabel (’Standard._.Deviation )

zlabel (’Cost ")

e e

% zlim ([15 85])
% ylim ([0 4.5])
case 303
hold on
title ({ *Absolute_Value_of_Fulfilled....
uuuuuuuu Requirements.vs_Cost’ ;...

["(Results_for:.’ ,dataname,’)’ ]} ,...
"FontSize’ ,13, FontWeight’, ’Demi’)
xlabel (’Average_Value’)
ylabel(’Standard_.Deviation )
zlabel (’Cost ")
% zlim ([15 85])
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% ylim ([0 4.5])
case 304
hold on
title ({ "Persentage_of _Fulfilled....
uuuuuuuu Requirements.(Value)._.vs_Cost’ ;...

["(Results_for:.’ ,dataname,’)’ ]} ,...
"FontSize’,13, FontWeight’, ’Demi’)
xlabel(’Average_Persentage.(Value) )
ylabel (’Standard _Deviation’)
zlabel ('Cost ")

% zlim ([15 85])
% ylim ([0 4.5])
case 30
case 1
hold on
title (’Fairness._for._each.customer ...
uuuuuuuu on_their_Fulfilled _Value’)
xlabel (’Expected_Value_of_Fulfilled ...
uuuuuuuu Values )
ylabel (’Standard._Deviation._of_...
________ Fulfilled . Values’)
% zlim ([15 85])
% ylim ([0 4.5])
case 2
hold on

title (’Fairness._on_Coverage %’)
xlabel (’Expected._Value’)
ylabel (’Standard_Deviation )

% zlim ([30 100])

% ylim ([0.1 0.3])
case 8

hold on

title (’Fairness._on._.Coverage_of_"4” ")
xlabel (’Expected._Value )
ylabel (’Standard_.Deviation )

% zlim ([0.4 1])

% ylim ([0 0.2])
case 9

hold on

title (’Fairness._.on_.Coverage_of.”3" ")
xlabel (’Expected_Value’)
ylabel (’Standard_Deviation )
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% zlim ([0.4 1])

% ylim ([0 0.2])
case 10

hold on

title (’Fairness_on_Coverage._of_"2"")
xlabel (’Expected_Value’)
ylabel (’Standard _.Deviation )

% zlim ([0.4 1])

% ylim ([0 0.2])
case 11

hold on

title (' Fairness_on_Coverage_of_"1"")
xlabel (’Expected_Value’)
ylabel (’Standard_Deviation )

% zlim ([0.4 1])

% ylim ([0 0.2])
case 12

hold on

title (’Fairness_on_.Coverage_of_.”5" ")
xlabel (’Expected_Value’)
ylabel (’Standard._.Deviation )

% zlim ([0.4 1])

% ylim ([0 0.2])
case 3

hold on

title (’Cost_vs.Score’)
xlabel(’Cost ")
ylabel(’Score’)
xlim ([0.4%10°5 1.8%10°5])
ylim ([0 7000])

case 7
hold on
title (’Cost_vs.Std"’)
xlabel (’Std_of.")
ylabel(’Cost ")
xlim ([~0.065 —0.02])
ylim ([0 6000])

case 6
hold on
title (’Fairness_on.fulfilled _ranking’)
xlabel (’Expected.Value )
ylabel (’Standard _Deviation )
% zlim ([30 100])

108




A.2 Code for Fairness Analysis

% ylim ([0.1 0.3])
case {4,5}
hold on
case 13
hold on
otherwise
disp ( ’Unknown._Problem ")
end
return;
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