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(engl. Artificial neural networks/ANN). Sva tri poboljSana modela koriste
razli¢ite arhitekture veSta¢kih neuronskih mreza, konstruisanih na osnovu
Tagucijevih ortogonalnih vektorskih planova. Cilj je optimizacija poboljSanih
modela kako bi se izbeglo ponavljanje broja eksperimenata i dugotrajno vreme
za njihovo obucavanje, odnosno treniranje. Primenom metode klasterizacije na
vise razliCitth skupova realnih projekata dodatno se ublazava njihova
heterogena struktura. Dodatno, ulazne vrednosti projekata se homogenizuju
metodom fazifikacije ¢ime se postize jo§ veca pouzdanost i tacnost dobijenih
rezultata. Optimizacija Tagucijevom metodom uz povecanje pokrivenosti
Sirokog spektra razliCitih projekata, dovodi do efikasnog i uspeSnog
dovrsavanja §to viSe razliCitih softverskih projekta. Glavni doprinosi ove
disertacije su: konstruisanje i identifikovanje najboljeg modela za procenu
napora 1 troskova, odabir najbolje ANN arhitekture ¢ije vrednosti najbrze
konvergiraju minimalnoj magnitudnoj relativnoj greski, postizanje malog broja
izvedenih eksperimenata, smanjeno vreme procene softverskog napora zbog
stope konvergencije. Uvode se i dodatni kriterijumi i ogranienja za
nadgledanje i izvrSavanje eksperimenata pomocu preciznog algoritma za
izvrSavanje nad sva tri nova predlozena modela. Pored pracenja brzine
konvergencije svake arhitekture veStacke neuronske mreze, prati se i uticaj
ulaznih veli¢ina svakog modela na promenu vrednosti magnitudne relativne
greske modela. Na ovakav nacin konstruisani modeli eksperimentalno su vise
puta proveravani i potvrdeni na razli¢itim skupovima realnih projekata i mogu
se prakti¢no primenjivati, a dobijeni rezultati ukazuju da su postignute vrednosti
greSaka nize od dosadasnjih predstavljenih. Samim tim se predlozeni modeli u
ovoj disertaciji mogu pouzdano primenjivati i koristiti ne samo za procenu
napora 1 troskova za razvoj softverskih ve¢ i za razvoj projekata u drugim
oblastima industrije i nauke.
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Abstract

Abstract

The modern software industry requires fast, high-quality, and accurate forecasting
of efforts and costs before the actual effort is invested in realizing the software product.
Such requirements are a challenge for any software company, which must be ready to
meet the expectations of the software customer. The main factor in the successful
development of software projects and reducing the risk of errors is an adequate estimation
of the effort and costs invested during its implementation.

In this doctoral dissertation as a starting point, different approaches and models
that have not been sufficiently precise and efficient so far will be analyzed, which resulted
in only about 30% of successfully implemented software solutions.

The main goal of the dissertation is to present three new, improved models based
on efficient artificial intelligence tools, artificial neural networks. All three improved
models use different architectures of artificial neural networks (ANN), constructed based
on Taguchi's orthogonal vector plans. The idea is to optimize the improved models to
avoid repeating the number of experiments and the long time needed for their training.
Applying the clustering method to several different sets of real projects further mitigates
their heterogeneous structure. In addition, the input values of the projects are
homogenized by the method of fuzzification, which achieves even greater reliability and
accuracy of the obtained results. Optimization by the Taguchi method and increasing the
coverage of a wide range of different projects leads to the efficient and successful
completion of as many different software projects as possible.

The main contributions of this dissertation are:

- constructing and identifying the best model for estimating effort and cost,

- selecting the best ANN architecture whose values converge the fastest to the

minimum magnitude relative error,

- achieving a small number of experiments, and

- reduced software effort estimation time due to convergence rate.

Additional criteria and constraints are introduced to monitor and execute
experiments using a precise algorithm to execute all three new proposed models. In
addition to monitoring the convergence rate of each artificial neural network architecture,
the influence of the input values of each model on the change in the value of the magnitude
relative error of the model is also monitored. The models constructed in this way have
been experimentally checked and confirmed several times on different sets of real projects
and can be practically applied.

The obtained results indicate that the achieved error values are lower than those
presented so far. Therefore, the proposed models in this dissertation can be reliably
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applied and used to assess the effort and costs for software development and projects in
other areas of industry and science.
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Izvod

Izvod

Savremena softverska industrija zahteva brzo, kvalitetno 1 precizno predvidanje
napora 1 troskova, pre nego Sto se stvarni napor ulozi u realizaciju softverskog proizvoda.
Ovako postavljeni zahtevi predstavljaju izazov za bilo koju softversku kompaniju, koja
mora biti spremna da ispuni postavljena ocekivanja narucioca softvera. Glavni faktor
uspesnog razvoja softverskih projekata i smanjenja rizika od gresaka je adekvatna procena
uloZenog napora 1 troSkova tokom njegove realizacije. U ovoj doktorskoj disertaciji, kao
pocetna tacka, bi¢e analizirani dosadasnji razlicitih pristupi 1 modeli koji nisu u najvecoj
meri bili dovoljno precizni i efikasni, $to je za posledicu imalo samo oko 30% uspesno
realizovanih softverskih resenja.

Glavni cilj ove disertacije bi¢e predstavljanje tri nova poboljSana modela
zasnovana na efikasnim alatima veStacke inteligencije, veStackim neuronskim mreZama
(engl. Artificial neural networks/ANN). Sva tri poboljSana modela koriste razliCite
arhitekture veStackih neuronskih mreZza, konstruisanih na osnovu Tagucijevih
ortogonalnih vektorskih planova. Ideja ove disertacije je 1 optimizacija poboljSanih
modela kako bi se izbeglo ponavljanje broja eksperimenata i dugotrajno vreme za njihovo
obucavanje, odnosno treniranje. Primenom metode klasterizacije na vise razliCitih
skupova realnih projekata dodatno se ublazava njihova heterogena struktura.

Dodatno, ulazne vrednosti projekata se homogenizuju metodom fazifikacije ¢ime
se postize jo§ veca pouzdanost 1 tacnost dobijenih rezultata. Optimizacija Tagucijevom
metodom uz povecanje pokrivenosti Sirokog spektra razli¢itih projekata, dovodi do
efikasnog 1 uspeSnog dovrSavanja sto viSe razlicitih softverskih projekta.

Glavni doprinosi ove disertacije su:

- konstruisanje i identifikovanje najboljeg modela za procenu napora i troskova,

- odabir najbolje ANN arhitekture ¢ije vrednosti najbrze konvergiraju minimalnoj

magnitudnoj relativnoj greski,

- postizanje malog broja izvedenih eksperimenata,

- smanjeno vreme procene softverskog napora zbog stope konvergencije.

Uvode se 1 dodatni kriterijumi i ograni¢enja za nadgledanje i izvrSavanje
eksperimenata pomocu preciznog algoritma za izvrSavanje nad sva tri nova predloZena
modela. Pored pracenja brzine konvergencije svake arhitekture veStacke neuronske
mreZze, prati se 1 uticaj ulaznih veli¢ina svakog modela na promenu vrednosti magnitudne
relativne greSke modela. Na ovakav nacin konstruisani modeli eksperimentalno su vise
puta proveravani 1 potvrdeni na razli¢itim skupovima realnih projekata i mogu se
prakti¢no primenjivati, a dobijeni rezultati ukazuju da su postignute vrednosti greSaka
nize od dosadasnjih. Samim tim se predlozeni modeli u ovoj disertaciji mogu pouzdano
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primenjivati i koristiti ne samo za procenu napora 1 troskova za razvoj softverskih ve¢ i
za razvoj projekata u drugim oblastima industrije 1 nauke.
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Preface

Estimation of effort and costs for realizing software projects is one of the most
critical problems and tasks in software companies. In practice, software teams usually
make estimation based on the knowledge of experts in the field or based on similarities
with previous projects. Estimation of effort and costs is a crucial factor, which will
determine the beginning of the project, the conditions, and limitations under which it will
be realized and successfully completed, and applied in practice. The main reason for the
insufficiently successful completion of projects still lies in insufficiently reasonable and
inaccurate estimates. As a consequence of this inadequate, various world statistics show
that only a third of projects are successfully completed and practically implemented. At
the same time, almost half remain unresolved, i.e., break through the budget and
implementation time, and about 20% of them fail entirely.

This dissertation aims to analyze the existing estimation methods and to present
and experimentally confirm new, improved models based on them, giving better results
than the existing ones. The idea is to significantly increase the accuracy, efficiency, and
reliability of the proposed models with the currently most powerful artificial intelligence
tools, such as artificial neural networks, and appropriate optimization methods, such as
the Taguchi method, with additional criteria and methods. Then it is necessary to
repeatedly check and confirm the correctness and accuracy of the new models of effort
and cost estimation on real different datasets. The introduction of additional methods and
techniques will improve the efficiency of the proposed models, which will have no
limitations and can still be tested on new sets of real projects from any area for which the
software project is implemented.

Additionally, the influence of different parameters, both input values and weight
coefficients for different architectures of artificial neural networks, will be monitored. The
aim is to identify the best model and the best architecture of an artificial neural network
that will experimentally give the best results in the proposed models, i.e., the lowest error
value. The proposed models aim to better, more accurate, and faster of efforts and costs
and thus increase project implementation success. This would significantly improve the
field of software engineering.

The dissertation is structured in the following way:

- The first chapter will explain in more detail the problems of effort and cost

estimation.

- The second chapter will present various parametric and non-parametric

approaches and models that have been most commonly used in practice to solve
problems.
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- The third chapter will describe in detail and present three new, improved models
from three different approaches and the methodology used in the proposed
models.

- The fourth chapter will present experimentally obtained and repeatedly tested
results.

- The fifth chapter explains the general conclusions and reaffirms the reliability of
the proposed approaches.

- The sixth chapter will present the application of the proposed models and an
explanation for their scientific contribution and general social significance.

- The last chapter brings concluding remarks.
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Chapter 1: Introduction

The essential activity in the software development process is effort, which
involves estimating the time and money to complete a software project successfully.
Project development is of exceptional importance, both for the project customers and for
the project implementers. The amount of money needed to invest in a project affects
whether the project will start or not or whether it will be completed successfully. In
practice, the price of a project is usually compared to the cost of similar projects, which
have been successfully completed. Time and necessary money are not the only factors
that define the beginning of the project, but other parameters must be taken into accounts,
such as quality, the complexity of the project, overtime work of the team, and others.

Preliminary estimates of effort can wusually lead to delays in project
implementation, requests for additional funds, overtime work of experts, and the like.
Also, inaccurate estimates can directly affect the quality of the software. Due to not
considering all the necessary parameters for implementing the software, certain activities,
such as additional testing, completion of documentation, and additional definition of user
requirements, are reduced to a minimum effort. All this can lead to a vast number of
unexplained projects, which means that they have either exceeded the deadline or need
more money for their implementation. The consequences of undefined and unexplained
projects are currently a mirror of the software industry.

Based on many years of research by the Project Management Institute, their
analysis [1], and research by Professor Barry Boehm [2], it was concluded that the effort
and cost converge to accurate values depending on the stages of project development.
This characteristic can be presented as a “cone of uncertainty” of the effort and
convergence estimate towards the final error value, see Figure 1.
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Figure 1. “Cone of uncertainty* according to the different phases of the project.
Slika 1. “Kupa nesigurnosti” u zavisnosti od razli¢itih faza projekta.

From Table 1. [3], [4], [5], it can be concluded that in the period from 2010 to
2020, the number of successfully completed projects decreased by 6%. The percentage of
successfully completed projects for 2020 is only 31%. The number of failed projects also
decreased by 2%, and in 2020 is 19%. The number of unresolved projects has increased
by 8% and now stands at 50%, see Figure 2 [4], [5].

PROJECT SUCCESS RATE

successful
31%

challenged
50%

failed
19%

Figure 2. Graphic representation of successful, unsuccessful, and unresolved projects
for 2020.
Slika 2. Graficka reprezentacija uspesnih, neuspesnih i neresenih projekata za 2020.god.
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Table 1. Percentage of successful, unsuccessful, and unresolved projects for 10 years.
Tabela 1. Procenat uspesnih, neuspesnih i nereSenih projekata u proteklih 10 god.

Project (%) 2010 2015 2020
successful 37 36 31
failed 21 17 19
challenged 42 47 50

Based on the report of the Standish Group [6], which maintains a repository on
global statistics on successful, unsuccessful, and unresolved projects, can be concluded
that: in unsuccessful and unresolved projects, most of them exceed deadlines and budgets;
deadlines are exceeded by about 80% of projects; the budget exceeds about 50% of the
projects. It can be also stated that time and budget are the two most important causes of
unsuccessful project completion. Therefore, the most complex and essential task facing
software teams is a reliable, accurate and fast of the effort required to implement the
project. The conclusions of the research conducted by the Standish Group also show that
the probability of failure of more extensive projects is higher [4], [5], [6]. That is, more
complex projects have a higher chance of failure [7], [8].

Software companies use a variety of software tools and services to meet customer
requirements. In order to construct reliable software of high standards, many researchers
[9], [10], [11], [12] have proposed different combinations of parametric and non-
parametric models of effort and cost estimation. It is necessary to analyze and
experimentally check the most successful methods and models so far to be adequately
improved [13], [14], [15].

1.1 Software evaluation problems

Previous methods of assessing software development have been based on
unreliable and inaccurate methods, techniques, and models. The result of such inadequate
processes is a huge number of unsuccessful and unrealized projects. The most commonly
used methods are similarity method, method of analysis and synthesis, based on the
knowledge of experts in these fields, and various parametric (algorithmic) methods [13].

1. Similarity method: effort and cost estimation is done based on similar projects. In
practice, there are no completely similar projects, and this method can be used to assess
certain functionalities of a similar project that can be used. It is necessary to identify
differences that must again be assessed by similarity or some other method.
- The advantage of the similarity method is that the of effort and costs
is performed on real projects from practice.
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- The disadvantages are reflected in the fact that in practice, there are no similar
projects, so the method is reduced to the of similar projects in which
there are differences that are re-assessed, which increases the time
[13],[14], [15].

2. Analysis/Synthesis: estimating effort and cost using this method is done by dividing it
into smaller parts of the project, which are evaluated individually. Then, based on them,
an overall of the project's success is made.
- Advantages of evaluation of such approach are: parts of the project are easier
and simpler to assess.
- Disadvantages are: This method requires more time, but the accuracy
of the evaluation in the total sum of smaller parts of the project is less reliable
[13], [16].

3. Expert knowledge-based : this method involves estimating the effort and cost based
on the experience of one/more experts who have worked on similar projects.
- Advantages of this approach are: is fast and straightforward.
- Disadvantages are: the knowledge of experts is subjective, and if the
is made based on the opinion of several experts, it is not easy to reach an
objective solution [17], [18].

4. Parametric (algorithmic) methods: estimation of effort and costs using this method
i1s performed based on the size (measure) of the project, and then an algorithm is
constructed to determine the time and costs for its implementation.
- Advantages of this approach are: is objective, fast, and easy to use.
- Disadvantages are: this method requires sound knowledge and
monitoring of historical data, and thus the algorithm is based on historical,
collected data [13], [19], [20].

1.2 Subject and goal of the research

Assessing the effort and costs required to implement projects is a significant factor
in the software development process. It largely depends on a vast number of software
functional and non-functional requirements. Functional requirements such as business
rules, transaction corrections, adjustments, and cancellations, administrative functions,
authentication, authorization levels, audit tracking, external interfaces, certification
requirements, reporting requirements and historical data. Non-functional requirements
such as speed or how fast an application responds to commands, security of sensitive data,
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portability, compatibility, capacity, reliability, environment, localization, etc. The
influence of various factors on the of effort and costs during the development of a
software project is shown in Figure 3 [13].

%
o

Figure 3. The influence of various factors on the effort and costs for the implementation

of software projects.
Slika 3. Uticaj razlicitih faktora na napor 1 troSkove potrebne za implementaciju
softverskih projekata.

In addition to the total volume of necessary work, which takes into account the
functional and non-functional requirements of users, factors of great importance are:

1. Software quality: meeting requirements in accordance with the highest standards
defined by the organization. These are most often: processing a large amount of data,
increased speed and sending requests and responses, etc., which requires additional time
to meet the requirements.

2. Time limit: this factor is the most influential in project failure. Therefore, software
development must not depend on the number of team members, additional time to
improve the quality of software, implementation of the software itself, time of delivering
the first version, and waiting for the completion of overall project tasks for a given
software product [13], [21], [22], [23].

This dissertation’s subject is the analysis of existing methods, techniques, and
models for estimating efforts and costs to realize software projects and present new,
improved models through three different approaches.

The performed experiments aim to construct three new, improved models based
on different architectures of artificial neural networks. Improvement of existing methods
and models would be realized by applying artificial intelligence, which would serve as a
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powerful tool for better results when evaluating software. Using different architectures of
ANN constructed based on Taguchi’s orthogonal vector plans [7], [8], [24], [25], [26],
[27], it is possible to optimize the proposed models. A realistic and correct estimation is
of utmost importance in managing software projects to avoid cancellation, deterioration,
or exceeding the time or budget provided for the project. Improving existing methods and
models would reduce the risks of project cancellation or failure. This would be of great
importance both for software companies and customers who expect the product within the
set budget and time frame [28], [29].

Additional value of this dissertation is to experimentally test and determine the
best model for reliable, efficient, and accurate of efforts and costs for the implementation
of software projects.

This model should meet the following set criteria:

1. Choosing the simplest ANN architecture

In the experimental part, which involves training each ANN, the most
straightforward architecture is chosen depending on the input values. The selected ANN
architecture is constructed based on the corresponding Taguchi orthogonal vector plan.
Then, by adding nodes in the hidden layer, a more complex architecture is chosen. If the
magnitude relative error (MRE) value is less than or equal to 1%, the addition of new
nodes and new hidden layers is suspended.

2. Minimum number of iterations (less than 10)

The Gradient Descent (GA) value for each ANN architecture, i.e., the "stop
criterion," is monitored in the training process. If the GA value is less than 0.01 of 1% of
the MRE, the training procedure is suspended. The number of iterations performed in each
proposed model is expected to be less than 10.

3. Selection of the architecture that converges the fastest to the mean
magnitude relative error (MMRE) value

By training different architectures, it can be established that some of them have a
smaller number of iterations (up to 5) and that they meet the "stop criterion" much faster.
In the proposed models, it is possible to monitor the convergence rate of each selected
ANN architecture.

4. Appropriate selection of the activation function of the hidden layer of the
ANN architecture

In the experimental part of the training of different ANN architectures, different
activation functions of the hidden and output layers were used. Sigmoid function, tangent
hyperbolic, and Gaussian function were experimented with.

S. Appropriate division of the used data sets into a certain number of clusters

The nature of each observed data set is heterogeneous. In order to obtain an optimal
estimate, it is necessary to divide each data set into an appropriate number of clusters.
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In the first Constructive Cost Model (COCOMO2000) approach selected, a
division into three clusters was used: small, medium, and large, for each of the data sets
used.

The second selected Function Point Analysis (FPA) approach experimented with
the International Software Benchmarking Standards Group (ISBSG) repository divided
into five clusters. Each cluster is divided at a scale of 70:30, where 70 projects are used
for the training process and 30 for the testing process.

In the third selected Use Case Point (UCP) approach, a 70:30 scale data set split
was used, where 70% projects were used for the training process and 30% for the testing
process.

1.3 Expected scientific contribution

The scientific contribution of this dissertation is based on a set of original and
improved methods and models for estimating the effort and cost of developing software
projects. Through the three approaches presented, improved methods based on existing
models will be using: different data sets, clustering methods [30], and fuzzification
methods [31], [32] for different ANN architectures constructed based on Taguchi's
orthogonal vector plans and different activation functions [33] [34]. In addition, various
metrics were calculated, and criteria set such as Mean Absolute Error (MAE), Magnitude
Relative Error (MRE), Mean Magnitude Relative Error (MMRE) [35], Prediction on three
criteria (PRED) [36], [37 ], Correlation (Pearson’s, Spearman’s and R?) [38].

With different data sets, the correctness of new, improved models for each
proposed approach is checked. The experimental part of the research is performed on
different data sets and includes three parts:

1. Training of the proposed ANN architecture who compete to become a "Winner"
network on a specific data set; E.g., it is necessary to train several ANN candidates at
the same time in depending on the selected Taguchi’s orthogonal vector plan, the most
accurate ANN the network becomes a "Winner" network;

2. Testing on the same data set, but on other projects using the "Winner" network that
gave the best results in the first part, i.e., the lowest value of MMRE;

3. Validation on other data sets using the "Winner" network.

Due to the different nature of projects and their heterogeneous structure, the

clustering method is used. Different data sets are divided into smaller parts (clusters)
according to the corresponding project sizes. In order to further homogenize the input
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values of the used data sets, the fuzzification method is used. This method involves
mapping the real values of input values into values from the interval [0, 1].

The dissertation will use different ANN architectures in each of the models and
approaches that depend on the number of the input values and weight factors
(coefficients) used in all three parts of the experiment. Each of the ANN architectures
used was constructed based on the corresponding Taguchi orthogonal vector plan. In this
way, faster, more accurate, and more precise convergence towards the final value of
MMRE is achieved. Also, the number of iterations is significantly reduced concerning the
Full Factorial Plan (FFP) [39], [40], [41], which reduces the time required for.

Based on several experiments and the use of different activation functions in the
hidden and output layer of the proposed architectures, the lowest value of MMRE was
achieved using the sigmoid function [42], [43], [44].

The following metrics are additionally calculated based on the estimated value:
deviation [45], MAE, MRE, and MMRE [35]. The actual and estimated values are
compared, the correlation is monitored, and the prediction on several criteria is performed.

The results of extensive experiments showed that the values of errors in evaluating
new, proposed models based on existing and improved methods are significantly less than
the values of errors caused by the evaluation of previous parametric and non-parametric
methods and models. It is possible to experimentally identify the best model that can be
efficiently and reliably applied in practice.
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estimation of software projects

In this chapter, the existing typical and most frequently used estimation methods,
such as parametric, nonparametric and combined methods, will be presented.

2.1 Parametric methods

Many methods measure a software's size, complexity, or the time it takes to build
software. All of them can be divided into two main groups: parametric and non-
parametric. They can also differ according to different approaches of estimation, three are
the most commonly used: Code analysis and effort, Function Point Analysis, and
Analysis of actors (users) and use cases, see Figure 4.

1. An approach is based on analysis of the number of source code lines and assessing the
effort required to design and implement a project. The most commonly used model of this
approach is COCOMO2000 (Constructive Cost Model) [46].

2. An approach is based on the functional points for estimating the size of software
functionality being developed [47]. Within this approach, two models were initially
distinguished: IFPUG (International Function Point Users Group) [48] and Mark II [49],
and later within the IFPUG model, the most commonly used were: NESMA (Netherlands
Software Users Metrics Association) [50], IFPUG (version 4.1) [51] and COSMIC FFP
(Common Software Measurement International Consortium Full Function Point) [52].

3. An approach is based on the analysis of users and use cases for effort estimation. Within

this approach, the most commonly used models are COBRA (Cost Estimation,
Benchmarking, and Risk Assessment) [53] and UCP (Use Case Point Analysis) [54].
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Figure 4. Parametric methods.
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2.2 Linear regression and statistical estimates

In many studies, various authors have used the regression method to estimate the
effort and cost of developing software projects. Linear regression is a method that
represents the relationship between dependent and independent variables on a given data
set [55]. Based on this method, the estimated value with the slightest error can be
determined. The relationship between the dependent variables Y;, where i = 1, n; and the
independent X;, where i = 1, n; can be represented by the following formula (1):

Y; = f(X;) + r;, where i = 1,n; (1)

The real value of Y; is the sum of the estimated value of f{X;), where i = 1,n; and
the error in estimating »;where i = 1,n;
The main goal of regression models is to choose the appropriate function f; to

minimize the error 7. The estimated value represents the time required to realize the
software project, and f(X;) represents the various functions that estimate the impact of
input values. Input values are model parameters that affect the output value, representing
the actual effort, functional size, and real effort depending on the experimental approach.

The most commonly used examples of regression models use linear, polynomial,
logarithmic, and exponential functions. Combinations of these functions are also possible
to find the best model to give the lowest error value. An example of a combination of a
linear and an exponential function is the COCOMO parametric method [56], [57], see
formulas (4)-(10).
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In addition to calculating the error in regression models, it is necessary to use
specific statistical metrics that primarily describe the essential characteristics of data sets.
The most common features of the data set based on which further estimation is performed
are minimum and maximum value, mean value, and standard deviation. The mean value
represents the arithmetic mean of the data set and is calculated according to the following
formula (2):

X = % >N . x; , where Nis the total number of the observed data. (2)

The standard deviation represents the expected deviations of all values of a given
set from the mean value and is calculated according to the following formula (3):

o= (A2 - ®

In addition to basic information about the data set, it is necessary to compare the
dependence of the data using the correlation coefficient. In this dissertation, Pearson’s,
Spearman’s, and R? correlation coefficients were used to determine the relationship
between real and estimated values in all three proposed models.

Additionally, the prediction was introduced as another parameter to confirm the
quality of the proposed approach. The prediction was monitored on three criteria:
PRED(25), PRED(30), and PRED(50). This metric represents the percentage of projects
that have a relative error value less than a given criterion.

Some authors [58], [59], [60] use other various statistical tests (ANOVA test,
Wilcoxon's test, Mann-Whitney test) to compare the real and estimated value and to
estimate the value of relative error depending on the proposed approach.

2.3 Code analysis and effort estimation

This chapter will explain in detail the approach based on the analysis of the
number of source lines of code. The most commonly used model of this approach is
COCOMO02000.

2.3.1 Essential characteristics of the COCOMO2000 model

In parametric methods, the size of the system is calculated as a combination of
mathematical models whose primary data are parameters obtained experimentally - by
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measuring real values during the design. Measurement-based on the number of lines of
source code is used to determine the size and complexity of a software project. It is most
often used to show the effort and time needed to realize a project. Indeed, the most crucial
method for estimating the effort from this group is the COCOMO2000 parametric method,
which uses the number of source lines of code as a unit for measuring software size. In
this way, with COCOMO2000, it is possible to estimate the required production time. The
number of lines of code is an easy way to estimate the effort and cost, but there are also
many disadvantages, such as differences in the programming language used (C ++, Java,
C #, etc.) and establishing the equivalence of specific databases.

The COCOMO2000 is an algorithmic cost model where, with the help of
mathematical functions, a context is created between software metrics and project costs.
The actual effort represents the actual value of the project, based on the number of lines
of code expressed in person-months [PM]. The twenty-two parameters represent input
values, divided into two groups [61]:

e The first group cosists of five parameters, denoted as scale factors: PREC,
FLEX, RESL, TEAM, PMAT;

e The second group consists of seventeen parameters, denoted as effort
multipliers: RELY, CPLX, DATA, RUSE, TIME, STOR, PVOL, ACAP,
PCAP, PCON, APEX, PLEX, LTEX, TOOL, SCED, SITE, DOCU.

Each of the scale factors is described as follows:

1. PREC (Precedentedness) - represents the objectives of the project and the required
technology.

2. FLEX (Development Flexibility) - represents the adaptation of development
concerning the requirements, standards, and restrictions.

3. RESL (Architecture and Risk Resolution) - is a measure of software components,
quality, and potential risks.

4. TEAM (Team Cohesion) - represents the complexity and adaptation of team members
to teamwork.

5. PMAT (Process Maturity) - represents the maturity of the process, i.e., monitors the
development of software-based and Capability Maturity Model-Capability Maturity
Model Integration (CMM-CMMI).

Each of the effort multipliers is described as follows:

1. RELY (Required Software Reliability) - represents the reliability of performing certain
software functions up to a specific period.
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2. DATA (Data Base Size) - represents the size of the database.

3. CPLX (Product Complexity) - represents the operations performed on the product, and
they are divided into five areas: control operations, computational operations, device-
dependent operations, data management operations, and user interface management
operations.

4. RUSE (Required Reusability) - represents the reusability of the software.

5. DOCU (Documentation) - represents the documentation required to accompany each
part software life cycle.

6. TIME (Time Constraint) - represents the time significance of software execution.

7. STORE (Storage Constraint) - represents data storage and its limitations.

8. PVOL (Platform Volatility) represents the impact of software and hardware
architecture changes on the system.

9. ACAP (A4nalyst Capability) - is a measure of the ability of analysts.

10. PCAP (Programmer Capability) - is a measure of the capability of the programmer.

11. AEXP (Applications Experience) - is a measure of programmer experience working

on a given application.

12. PEXP (Platform Experience) - is a measure of experience working on a particular
platform.

13. LTEX (Language and Tool Experience) - is a measure of experience working with

different programming languages and tools.

14. PCON (Personnel Continuity) - represents the complexity and efficiency of the team.

15. TOOL (Use of Software Tools) - is a specific measure of used software tools.

16. SITE (Multisite development) - represents the geographical distance of team

members.

17. SCED (Required Development Schedule) - represents the required schedule of tasks

on the project.

Finally, the COCOMO2000 formula was obtained as follows [61], see formulas
(4)-(10):

Effort = AX[SIZE]E X [1}2,EM; 4)
E=B+0.01xY5_,SFj,A=294,B =091 (5)
Effort[PM] = 2.94 x [SIZE]? x PEM,; (6)
PEM; = [1}7, EM; (7)
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Time = C x (Ef fort)F (8)
F=D+02x0.01xY3,SFj,C=367D=0.28, 9)
People = Effort/Time (10)

A and B are the fundamental constants for calibration; KSLOC (thousands of
source lines of code) represents the size of the software project; SF; denotes five scale
factors; EM; denotes seventeen effort multipliers. As previously mentioned, performed
experiments are using the COCOMO2000 Post Architecture model. This model
combines, as mentioned above, factors and effort multipliers to calculate needed person-
months [PM] for the implementation of a particular software project.

All factors are measured in values ranging from "very low" to "extremely high."
An example of several parameters assigned in the COCOMO2000 model is given in Table
2.

Table 2. Example of weighting coefficients assigned to COCOMO2000

parameters.
Tabela 2. Primer tezinskih koeficijenata dodeljenih COCOMO2000
parametrima.
. Very Extreme

Parameter Symbol  Very Low Low Neutral High High High
PREC SFi 0.05 0.04 0.03 0.02 0.01 0
FLEX SF2 0.05 0.04 0.03 0.02 0.01 0
RESL SF3 0.05 0.04 0.03 0.02 0.01 0
DOCU EM;s 0.85 0.93 1 1.08 1.17

PCAP EMio 1.37 1.16 1 0.87 0.74

PCON EMi 1.26 1.11 1 0.91 0.83

AEXP EM1 1.23 1.1 1 0.88 0.8

2.3.2 Previous research in the COCOMO2000 approach

It is a constant struggle and challenge for many large software companies engaged
in delivering various industrial tools, services, and products to meet the rigorous demands
and needs of software clients/customers. A number of researches [9], [10], [11], [12] apply
various software models and methods of effort and cost estimation in order to meet high
standards and construct quality software. Some of the previous effort models used in
various software development projects are SLIM (Software Life Cycle Management)
[62], SEER-SEM (System Evaluation and Estimation of Resource Software Evaluation
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Model) [63], COCOMOSI1 (Constructive Cost model) [64] and COCOMO2000 [65],
[66].

The COCOMO2000 model uses cost factors, scale factors, and software size to
estimate effort and cost, expressed in the number of source lines of code. There are two
versions of the COCOMO2000 model: Early Design and Post Architecture, which are
tested to achieve the best results.

The Post Architecture model is a more detailed version and it was used in the first
approach of this dissertation (3.1) for the training and testing during the performed
experiments. A data set of the COCOMO2000 model consisting of 161 projects was also
used. The authors in the study [66], in their approaches to software evaluation, used the
technique of neural networks for backpropagation through the data set COCOMO2000,
which consists of 60 and 93 projects, respectively, for estimating software costs and
Dolphin algorithm. The results showed a lower value of MRE. However, in this
dissertation, within this approach, it is shown that it is possible to reduce the value of
MRE, i.e., achieve better results with a simple ANN architecture to perform a minimum
number of iterations, which means reducing estimation time.

Recent research, such as [67], presents the use of a combined COCOMO2000
parametric approach technique and a neural network (non-parametric approach) into a
single structure (model) for estimating effort and cost. The results showed that the
estimated cost of COCOMO2000 is closer to the actual cost, i.e., that a lower MRE value
is achieved.

In another study [68], the authors experimentally showed that the application of
Machine Learning improves the COCOMO2000 model using ANN. The obtained results
again showed a high value of relative error. The authors in [69] present different
algorithms and neural networks and compare them for a more accurate and reliable
estimation of software costs. Also, this study used different hidden neural network
activation functions that gave worse results than the sigmoid function.

In a study [70], a two-layer network was used as a model to reduce MRE values
further. Various models for estimating efforts and costs in the development of software
projects [71], [72] based on non-parametric approaches such as multilayer neural
networks have achieved slightly better results, i.e., a lower value of MRE.

The paper [73] presents the results of research on over 33,000 different
experiments, where different ANNs were used, which use real project values for data
processing. Data obtained from these experiments were collected from different sources
and evaluated using different metrics. In studies [74], [75], [76], [77], the authors use
different architectures of artificial neural networks to process the data set. Compared with
previous research, it has been shown that different results are obtained depending on the
heterogeneous nature of the data sets. It can be concluded that there is no unified
methodology to ensure adequate and reliable .
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Contrary to previous research, different data sources will be used in this
dissertation, and the obtained results will be compared using the same methodology. This
achieves the stability, efficiency, and reliability of the proposed approach. In the
experimental part, different data sets were used to confirm the use of the proposed
methodology on different project values. COCOMOS81, COCOMO2000, NASA60,
NASA93, Kemererl5, and Desharnais datasets were used.

In addition to different datasets, four different architectures of artificial neural
networks constructed based on Taguchi's orthogonal vector plans were used. To further
improve the proposed model within the COCOMO2000 approach, the clustering method
divided the datasets into three clusters to mitigate the heterogeneous structure of different
projects. For additional homogenization of input values, the fuzzification method was
used. Unlike other research, this dissertation uses a combination of parametric and non-
parametric methods and models that have so far experimentally yielded the best results in
effort and cost estimation. By introducing a machine learning rate as a criterion for
stopping iterations, i.e., a "stop criterion," the convergence rate of each proposed
architecture can be monitored, and the experiment stopped after the set conditions are met.
The introduced machine learning rate criterion is Gradient Descent and it is used to
monitor the progress and speed of the experiment. In this way, the best model is obtained
with the lowest number of iterations, thus reduced execution time and the lowest MMRE
value. Based on this criterion, it is possible to determine the most reliable, stable, and
most accurate model of the proposed ANN architectures.

The critical decisions that define the new, improved model within the
COCOMO2000 approach in this dissertation are as follows:

e Examining the convergence rate of four different proposed ANN
architectures;

e Analysis of the obtained MMRE values;

e Division of all used datasets into clusters;

e Examination of different activation functions of the hidden ANN layer;

¢ Finding the most efficient methods of encoding and decoding input values,
such as the fuzzification method;

e Required minimum number of performed experiments;

e Testing and validation on other different datasets.
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2.4 Function Point Analysis

This chapter will explain in detail the approach based on the analysis of the
functional points. The most commonly used model of this approach is COSMIC FFP.

2.4.1 Essential characteristics of the COSMIC FFP model

Function Point Analysis (FPA) is an approach that has emerged in order to
overcome the shortcomings of a previous approache that measuerd system size only based
on the number of lines of code (source lines of code - SLOC). In the analysis of functional
points, the system's functionality is measured based on the values expressed in functional
points. Different systems may have similar functionalities but may use, for example,
different technologies or programming languages, and therefore differ in the number of
source lines of code. This approach has developed many models based on the proposed
method to most effectively and accurately estimate the functional size.

This dissertation will present the recent method from the family of functional
points - COSMIC FFP (COmmon Software Measurement International Consortium Full
Function Point). This method is used to estimate the effort and cost of the functional size
of software projects based on fourteen parameters that are reduced to four input values:
1. Entry, 2. Exit, 3. Read and 4. Write (see Figure 19). The fourteen system parameters
are evaluated to measure the functional size reliably:

e Data communication - data on the transfer and exchange of information
between the users and system;

e Distributed data processing - testing whether the data processing is
distributed;

e Performance - testing the required performance of the system;

e Heavily used configuration - hardware and software platform;

e Transaction rate - the frequency of execution of transactions in the
system,;

e On-Line data entry - the percentage of data that is entered directly;

e End-user efficiency - efficient operation of software users;

e On-Line update - the amount of data that is updated;

e Complex processing - the complexity of data processing in the system;

e Reusability - code reuse;

o Installation ease;

e Operational ease - case of use;

e Multiple sites - division of the team into several locations;
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e Facilitate change [13].

Unlike previous methods that were based on five input variables, COSMIC FFP
is based on four. The four input variables presented in the model we proposed based on
the COSMIC FFP method represent the input values for two different ANN architectures.
Each of the proposed architectures is constructed based on Taguchi's orthogonal vector
plan. There are four input variables are:

1. Entry - messages that users send to the system or messages that one system
sends to another to transmit the necessary data. These messages do not have necessary to
be system entries.

2. Exit - messages that the system or module returns in response to the user in the
form of data that can be read from files. These messages can also be in the form of
arithmetic and logic operations.

3. Read - messages that update data in the system. They can be different files,
tables, and other data.

4. Write - messages that send data from the system. They can be in the form of
tables, files, and do not represent formulas or operations.

It can be concluded that the functional size of the system represents the total
number of all messages used. The system can be viewed as a four-dimensional vector
space that represents the total number of messages. Messages are data entered, data that
1s logged out, data that is written in a file, or data read from files. This method enables the
detection and determination of the influence and the slightest change on the functional
size. The advantage of this method is that it is independent of technology and has no upper
limit on the value of the functional quantity. Therefore, there is no saturation because the
complexity of the functionality can grow indefinitely depending on the number of
messages in the system [78], [79].

Functional size is determined based on a four-dimensional vector denoted as FFP
as follows (11):

FFP = (E,X,R,W) (1)

FFP represents the total number of messages in the entire observed system and is
calculated as the norm of the vector in the formula (12):

|FFP||=E+X+W +R (12)
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where £'= Entry, X= Exit, W= Write, and K= Read.

The COSMIC FFP method is important because it can be applied to different
systems as even the slightest change can affect the change of the system, and there is no
limit to the size of the functionality in the chosen dataset.

2.4.2 Previous research in the FPA approach

The first research related to the FPA approach appears in the works of Albrecht
and Gafni (1983) [47] and Kemerer (1987) [80]. The research presented by Albrecht refers
to the measurement of the functionality on IBM projects, where the relationship between
the size of the project and the time required to create it is observed. Measuring
functionality in this approach, Albrecht calls the functional point. This approach was
later further developed and adopted by the International Function Point User Group
(1994) [81] and is considered the basis for the further development of the FPA approach.

Similar models also have been later developed, such as the NESMA by the
Netherlands Software Metrics Association in the Netherlands [50] and the MARK 11 [82]
model in the United Kingdom. With the further improvement and development of these
models, IFPUG version 4.1 and the COSMIC FFP method developed by the COmmon
Software Measurement International Consortium [83] are emerging. COSMIC FFP is the
latest and most commonly used method based on size functionality. This method measures
the system's functionality based on the functional points that are exchanged in the system.
Functional points in the COSMIC FFP approach are communication messages. The
essential functional points that are analyzed in this method are Entry, Exit, Write and
Read.

Many authors, such as [84], [85], [86], have shown that despite attempts to
introduce new metrics, such as user stories in agile methodologies, the COSMIC FFP
method has proven to be more efficient and accurate in several experiments.

The paper [87] compares the effects of improving effort prediction using COSMIC
FFP and IFPUG methods. COSMIC FFP again gave better results for predicting efforts
to develop software projects.

The paper [88] presented an approximation model with a convolutional neural
network and achieved a reliable prediction accuracy using a word embedding model
trained on Wikipedia + Gigaworld and functional point measures.

Another study [89] proposed different machine learning algorithms to measure
software development also using COSMIC functional size.

The authors in [90], [91] proposed a calibration of the functional point complexity
(FP) weights and an FP calibration model called the Neuro-Fuzzy Function Point
Calibration Model (NFFPCM). They used the ISBSG repository [15] and demonstrated
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improved accuracy of the mean relative error (MMRE) value in estimating software effort
after calibration. They used only parts of the ISBSG datasets, while in this dissertation,
the entire dataset is used without any calibration or adjustment. Also, a method of
clustering input values for the whole data set is presented, in addition to fuzzification and
a smaller number of required iterations on different combinations of data sets from the
ISBSG repository. Next, two more sets of data are introduced to confirm the obtained
results.

The critical decisions that define the new, improved model within the COSMIC
FFP approach in this dissertation are as follows:

e Examination of the influence of four input values on the change of MMRE
value;

e (Comparative analysis of two different architectures of artificial neural
networks and the obtained results;

e Division of the used dataset into clusters depending on their functional size
and different nature of each project within the ISBSG repository;

¢ Finding the most efficient methods of encoding and decoding input values,
such as the fuzzification method;

e Required minimum number of performed experiments;

e Testing and validation on other different datasets.

2.5 Analysis of actors (users) and Use Cases

This chapter will explain in detail the approach based on the analysis of the use
case points. The most commonly used model of this approach is UCP model.

2.5.1 Essential characteristics of the UCP model

The UCP (Use Case Point Analysis) method is most often used in estimating the
real size of a software project. This method for estimating the effort to implement a
particular system considers use cases of the system. Also, analyzes system users and
different scenarios to adequately assess the effort required. It uses twenty-one parameters
for, of which thirteen parameters are technical characteristics of the system, and the
remaining eight are environmental factors.

The technical characteristics of the system being evaluated are:
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e [s system distributed;

e System response time;

e Efficiency of the system;

e Complexity of internal processes;

e Posibility of code reuse;

e Ease of installation of the final product;
e [Ease of use of the final product;

e Transfer to other required platforms;
e System maintenance;

e Competitiveness, parallel processing;
e Security requirements of the system;
e Access to external systems;

e End-user training.

The environmental factors being assessed are:

e Compliance with the used development process;

e Experience with applications that will be used;

e Experience in object-oriented technologies that will be used;
e Ability of chief analyst;

e Team motivation,;

e Stability requirements of the system;

e Working hours of team members;

e Complexity of the programming language that will be used.

System users and use cases were used together to determine the real size of the UCP
method.

Users of the system are divided into three groups: simple (depending on the interaction
with the system, they are assigned a weight factor of 1), medium (depending on
internal/external communication, they are assigned a weight factor of 2), and complex
(depending on the complexity of interactions weighted by factor 3).

There are also three categories of use cases that are defined based on the number of
executed transactions (number of users and system messaging): simple (for less than 3
transactions and a weighting factor of 5 is assigned), medium (from 4 to 7 transactions
and a weighting factor of 10 is assigned), and complex (more than 8 transactions and a
weighting factor of 15 is assigned).
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The size of the system is defined based on a six-dimensional vector whose elements
represent the complexity of the previously mentioned users and the cases of users in the
system.

The estimated value is calculated based on G. Karner formulas [92]:

UAW (Unadjusted Actor Weight) - this input value is a functional point that can
determine the level of complexity of system users. Users can be simple system operators
or other external systems. Each user is ranked according to their level of complexity and
can be: Simple, Average, and Complex, see formulas (13)-(16).

SimpleA = Y,(SimpleActor) = SimpleWeight, where SimpleWeight = 1; (13)
Averaged =Y, (AverageActor) * AverageWeight, where AverageWeight = 2, (14)
ComplexA = Y,(ComplexActor) * ComplexWeight, where ComplexWeight=3; (15)

UAW = SimpleA + AverageA + ComplexA (16)

UUCW (Unadjusted Use Case Weight) - this input value is a functional point that
can determine the level of complexity of use cases. Each use case is ranked according to
its level of complexity and can be: Simple, Average and Complex, see formulas (17)-(20).

SimpleUUCW = Y,(SimpleUCW ) * SimpleWeight,
where SimpleWeight = 5, (transactions<=3, analysis classes<5) (17)

AverageUUCW = Y.(AverageUCW) = AverageWeight, where AverageWeight = 10,
(4<=transactions<=7, S<=analysis classes<=10) (18)

ComplexUUCW = Y.(ComplexUCW) * ComplexWeight, where ComplexWeight = 15,
(transactions>7, analysis classes>=10) (19)

UUCW = SimpleUUCW + AverageUUCW + ComplexUUCW (20)

By using the two sizes listed above, the size of the system to be developed is obtained.
UUCP (Unadjusted Use Case Points) is determined by following equation (21):

UUCP=UUCW-+UAW (21)

TCF (Technical Complexity Factor) is an estimate of the technical complexity of
the system and can be described by the following formulas (22), (23):
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TCF = 0.6 + (0.01*FactorT) (22)
FactorT = ) Weight = AssignedValue, where AssignedValue is from 0 to 5 and
represents a technical factor of the estimated process, see Table 3. (23)

Table 3. Thirteen technical complexity factors.
Tabela 3. Trinaest tehnickih faktora kompleksnosti.

Factor Description Weight Assigned Value Weight x Assigned
Value
T1 Distributed system 2.0 5 10
T2 Response time/performance 1.0 5 5
objectives
T3 End-user efficiency 1.0 3 3
T4 Internal processing complexity 1.0 2 2
TS Code reusability 1.0 3 3
T6 Easy to install 0.5 1 0.5
T7 Easy to use 0.5 5 2.5
T8 Portability to other platforms 2.0 2 4
T9 System maintenance 1.0 2 2
T10 Concurrent/parallel processing 1.0 3 3
T11 Security features 1.0 5 5
T12 Access for third parties 1.0 1 1
T13 End-user training 1.0 1 1
Total (TF): 42

ECF (Environmental Complexity Factor) is one of the factors affecting the size of
the project expressed in Use Case points. It is calculated according to the following
formulas (24), (25):

ECF = 1.4+(-0.03xFactorE) (24)
FactorE =) Weight * AssignedValue, where AssignedValue from 0 to 5 and represents
a environmental factor of the estimated process, see Table 4. (25)
Table 4. Eight environmental factors.
Tabela 4. Osam faktora okruzenja.

Factor Description Weight Assigned Value Weight x Assigned
Value
El Familiarity with  development 1.5 3 4.5
process used
E2 Application experience 0.5 3 1.5
E3 Object-oriented experience of team 1.0 3 2
E4 Lead analyst capability 0.5 5 2.5
ES Motivation of the team 1.0 2 2
E6 Stability of requirements 2.0 1 2
E7 Part-time staff -1.0 0 0
E8 Difficult programming language -1.0 4 -4
Total (EF): 10.5
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AUCP (Adjusted Use Case Point) is the final size of the system expressed in Use
Case points and is calculated as follows (26):

AUCP = UUCPxTCFXECF (26)

Representation of real effort by UCP approach as a six-dimensional vector, where
its value is calculated as the norm of the vector as follows, see formulas (27), (28):

UCP = (UAW, UUCW, UUCP, TCF, ECF, AUCP) (27)
|UCP|| = UAW + UUCW + UUCP + TCF + ECF + AUCP (28)

Representation of real effort by UCP approach as a four-dimensional vector,
where its value is calculated as the norm of the vector as follows, see formulas (29) (30):

UCP = (UAW, UUCW, TCF, ECF) (29)
|UCP|| = UAW + UUCW + TCF + ECF (30)

where UUCP= UAW+ UUCW, and AUCP= UUCPxTXFxECF.

In both cases, Real Effort is obtained as the norm of the UCP vector and represents
the real functional size or number of points of use cases. This method is currently most
commonly used to assess effort [56], although it is not standardized within ISO standards
as the previous two are.

2.5.2 Previous research in the UCP approach

The UCP method is the latest and the most widespread method for estimating the
effort and costs for realizing software products. The most significant advantage of this
method is that the lowest values of relative error in estimation are obtained, between 20%
and 35% [57]. The best result achieved by this method is an error value of about 10%
[95]. Many researchers [96], [97], [98], [99] have combined this method with other
parametric models and models of artificial intelligence.

In the study [100], the UCP method is used for estimating size and effort for
mobile applications. Android mobile applications are considered as a case study, and
modified UCP has also been proposed.

Authors in [101] proposed a framework for UCP-based techniques to promote
reusability in developing software applications. The results showed that the framework
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had met five quality attributes, and it can be used in the early stages of software
development.

In [102], a systematic review of studies with the best practices of use case point
(UCP) and expert judgment—based effort estimation techniques was given.

The study [103] presented the results of four different models that include the UCP
method and Neuro-Fuzzy logic. It is concluded that the Neuro-fuzzy logic model using
revised use case points and modified environmental gives the best fitting accuracy at an
early stage than other models.

In the study [104], the authors compare the benefits of a statistical analysis of the
effort estimation for seven real-world software development projects. Also, they contrast
a conventional Use Case points method with iUCP, an HCI (Human-centric) enhanced
model. Furthermore, they propose an enhancement of the iUCP original effort estimation
formula.

The critical decisions that define the new, improved model within the UCP
approach in this dissertation are as follows:

e Examination of the influence of two linearly dependent input values (UUCP and
AUCP) on the change of MMRE value;

e Comparative analysis of two different architectures of artificial neural networks
and the obtained results;

e Dividing the used dataset to a scale of 70:30, i.e., 70% projects of the selected
dataset are used for the training process, while 30% are used for the testing
process;

¢ Finding the most efficient methods of encoding and decoding input values, such
as the fuzzification method;

e Required minimum number of performed experiments;

e Testing and validation on other different datasets.

2.6 Application of ANN in software estimation

Artificial neural networks (ANNSs) are gaining importance in the 90s of the last
century, with the accelerated computer technologies. Each ANN is a system that consists
of interconnected elements that we call nodes or artificial neurons. Neurons are connected
by certain connections (synapses) through which data is transmitted. The architecture of
each network represents the connection of neurons into one that differs depending on the
number of layers. The first layer is always called the input layer, and the last layer the
output layer. All layers in between are called hidden layers. The first layer, i.e., the input
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layer, can have several different input sizes. The corresponding data to be processed is
entered via the input variables. The data is transferred to a hidden layer in which it is
processed according to defined rules and further passed through synapses to the output
layer. The strength of the connections between neurons is called the weighting factor
(coefficient) [105], [106].

Generally, this artificial intelligence tool can be justified when any specific rules
cannot determine the final output value. First, it is necessary to train the artificial neural
network for its further use. Training implies setting input values, defining the rules or
functions according to which one trains and according to which the output value is
obtained. Each ANN has a particular architecture, i.e., the scheme according to which the
nodes are connected. It contains an input layer, usually one to three hidden layers, and an
output layer. An essential role of each neural network is played by the activation function
of neurons, which in combination with weight coefficients represents the essence of
training. In the initial phase of training, the errors are much larger, and then in each
subsequent iteration, by changing the weighting coefficients, the errors are reduced and
converged towards precise, estimated values [107], [108].

2.6.1 Classification of artificial neural networks

There are different divisions and architectures of artificial neural networks. They
can be distinguished according to the connection method: layered, wholly connected, and
cellular artificial neural networks. According to the direction of signal transmission and
data processing, we distinguish feedforward - networks in which the signal transmission
takes place in one direction and feedback - recurrent or return networks.

Depending on the way of training, artificial neural networks can be supervised or
unsupervised [109]. Supervised neural networks use labeled input and output data, while
an unsupervised do not.

2.6.2 Artificial neural networks in other fields

It is expected that in the future, this artificial intelligence tool will be used more
and more because it is suitable for modeling complex systems that have a large number
of conditioned, indeterminate, or unknown factors. One of these examples is estimating
time and costs for the development of software projects, where the previous analytical
methods can be replaced by models that use artificial neural networks.

With the apperance development of artificial intelligence, the application of ANN
in solving various problems, which previously could not be solved by other classical
computer technology methods, spread rapidly. Today, ANN can be used in image
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processing, speech recognition, recognition of various objects, and sensory signals. They
are also frequently used in areas like application in natural languages processing,
recognition of printed texts, handwritten texts, and so on. They also play a notable role in
medical diagnostics, military and police purposes, and telecommunications [110]. They
certainly have the most significant contribution to computer science and information and
communication technolgy.

The subject of the dissertation is convenient to use artificial neural networks
because their advantage over other nonlinear models is based on estimating any function
with optional precision. In the dissertation various Taguchi Orthogonal Arrays are used
to simplify optimization problems, representing the MFFN (Multilayer Feed Forward
Neural Network) class, which has a crucial role in solving various problems in science,
engineering, medicine, pattern recognition, nuclear sciences, and other fields [7]. In order
to construct a high-performance MFFN, no approved theory allows the calculation of ideal
parameter settings. This leads to the conclusion that even small changes in parameters can
cause significant differences in the behavior of almost all networks. In [8], an analysis of
NN design factors and object functions is given, in which an architecture with one or two
hidden layers is recommended. Based on the Kolmogorov-Smirnov test, a
recommendation is given that the number of neurons in the hidden layer should be
doubled the number of input neurons increased by one, i.e., 2 X Ninput + 1. The results for
each of the 240 experiments performed in [8] were collected. It was shown that a specific
neural network configuration is required to achieve convergence, along with the accuracy
of the trained network, when a set of test data is obtained. Also, the number of hidden
layers (one or two) has a minimal effect on the network accuracy but is rather significant
at the convergence speed. Considering these results, a trial and error strategy is adopted
because most existing theoretical works for generalization fail to explain the performance
of neural networks in practice.

The idea adopted in the dissertation is experimenting with the simplest ANN
topology - with none hidden layer, and then more complex - with one hidden layer, and
finally with two hidden layers architecture, keeping in mind that the size of the set of
observations during ANN training will not exceed the number of projects in the dataset.

2.7 Robust design - Taguchi Orthogonal Arrays

Dr. Genichi Taguchi proposed a robust design method in 1986. The main idea of
this method is to find the interaction between the control and noise variables to provide
appropriate settings of the control factors to reduce the changes caused by the noise
variables. It is one of the powerful methods available to reduce costs, improve quality and
at reducing the time necessary to perform the experiments. The robust design strategy also
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involves using orthogonal vector plans to gather reliable information on project
parameters with a small number of experiments [111], [112].

A robust method design implies meeting the prescribed criteria when planning and
implementing software. This can be achieved with Taguchi's method regardless of the
different influences of external, additional requirements. The best effect in planning a
robust product design, Taguchi achieved through Orthogonal Arrays. Taguchi's
orthogonal vector plans are based on a unique set of Latin Squares. The discovery of
orthogonal vector plans and their application minimizes the number of crucial parameters
for the project's successful development. The impact parameters are not duplicated, which
achieves a much faster estimation of the efforts and costs of a particular project. This
design method is based on a “factorial experiment” that is realized only with all possible
experimental combinations of parameter values. Taguchi's orthogonal vector plans play
the most crucial role in experimenting.

Taguchi's robust design of the experiment in each orthogonal vector plan depends
on the number of parameters, the weighting factors (coefficients), and the number of
levels of each parameter. That is, how many times it is necessary to test each level for
each parameter. The number of experiments required for a complete factorial analysis is
N = LP (for example: when three levels with 13 parameters are used according to the full
factorial plan (FFP) it is necessary to execute N = 33 = 1 594 323 experiments). Using
the Taguchi orthogonal vector plan with 13 parameters (weight coefficients) on three
levels, only 3% = 27 experiments is necessary. The Taguchi method of robust design
reduces the number of experiments for 99.99830649% (0.9999830649 =1 - (27/1 594
323)).

Taguchi's orthogonal vector plan takes the selected cluster of combinations
without repetition but so that all parameters are equally taken into account. They can also
be assessed independently of each other. Taguchi's orthogonal vector plan is observed for
each level of a particular parameter [113]. All L levels of each of the (P-1) other
parameters are tested at least once, see Figure 5.

Experiment Experiment
number number
L,(2%) 4 23 8
Lg(27) 8 27 128
Ly, (21Y) 12 211 2048
L16(21%) 16 215 32768
Ly(3%) 9 3* 81
Ly5(3") 18 37 2187

Figure 5. Taguchi design vs. Full Factorial Design (FFD).
Slika 5. Taguci dizajn u poredenju sa potpunim faktorijalnim dizajnom.
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In software development, both in practice and in a large number of researches for
estimating efforts and costs, one of the most frequently used tools of artificial intelligence
are artificial neural networks (ANN). ANN is a good technique for information processing
and can significantly contribute to constructing new models for software evaluation [114],
[115]. Because of ANNSs ability to learn from different data sets, it is possible to generate
accurate and reliable results and assess the risk of possible errors.

The general structure of ANN consists of three layers: input, hidden, and output.
In the experiments in this dissertation, different architectures with three, four, and six
input values will be presented in combination with the different number of weight factors
(coefficients). In the new, proposed models, the input values and weight parameters are
constructed according to Taguchi's orthogonal vector plans [116], [117]. The goal of each
proposed model is to find the simplest network that meets all the additional criteria. In the
hidden layer of each proposed architecture, a different number of nodes is selected
depending on the appropriate orthogonal vector plan. The output layer has one obtained
value (estimated value) where it can be used to calculate: Deviation, MRE (Magnitude
Relative Error), and MAE (Mean Absolute Error) for each ANN.

The MRE value is the error value for each ANN within the proposed architecture.
Using the MRE value, the difference between the actual and the estimated effort
concerning the actual effort is measured for a given project. This value considers the
numerical value of each observation in the data distribution and is sensitive to individual
predictions.

The MAE value determines accuracy and represents the absolute difference
between the actual and estimated value.

In addition to the values of MRE and MAE, MMRE (Mean Magnitude Relative
Error) is measured. MMRE is the mean value of MRE. Within the ANN-L27 architecture,
there are 27 different combinations (“ANN candidates’), where the goal is to determine
the ANN that gives the lowest MMRE value after the first part of the experiment (after
ANN training).

Why measuring the value of selected error criteria?

Each of the new, proposed ANN models uses different Taguchi orthogonal vector
plans to efficiently, reliably, and accurately estimate the effort and cost of developing
software projects. Taguchi's orthogonal vector plan allows taking the selected cluster of
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combinations without repetition. In this way, all factors are taken into account equally and
can be assessed independently. By reducing the Full Factorial plan [118], [40] instead of
testing all possible combinations of ANN, this method considers only pairs of
combinations. This allows data to be collected to obtain information on which factors
most influence the quality of the product being developed. It takes a minimum number of
experiments, saves time and resources. The choice of the appropriate Taguchi orthogonal
vector plan depends on the number of weighting factors and the number of input values.
The general goal of Taguchi's method is to create a high-quality product with a possible
reduction in development costs.

Different ANN architectures constructed on Taguchi's orthogonal vector plans
were used in different approaches to constructing the three improved models:

- New, improved COCOMO2000 model,

- New, improved COSMIC FFP model, and

- New, improved UCP model.

3.1 New, improved COCOMO2000 model

As part of the COCOMO approach, an improved COCOMO2000 model is
presented in this subsection. For the improved COCOMO2000 model, the following
architectures and corresponding orthogonal vector plans L9, L18, L27 and L36 are used:

1. COCOMO2000 and ANN-L9

The first proposed ANN architecture, denoted as ANN-L9, is the simplest because
there are no hidden layers. It is based on the orthogonal vector plan of Taguchi (L9) with
four parameters (Wi , i = 1,4) and three different levels [7], [8], [119]: L1, L2 and L3,
see Figure 6, Table 5. It is experimented with nine ANN candidates denoted as ANNI,
ANN2,...,ANN9 who compete to become a "Winner" network. Bias represents an
additional weighting factor to complete the selected orthogonal plan and has a value of 1.
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Table 5. Taguchi orthogonal vector plan (L9=3%).
Tabela 5. Taguci ortogonalni vektorski plan (L9=3%).

ANN-L9 Wi W2 W3 W4
ANNI1 L1 L1 L1 L1
ANN2 L1 L2 L2 L2
ANN3 L1 L3 L3 L3

ANN4 L2 L1 L2 L3
ANNS5 L2 L2 L3 L1
ANNG6 L2 L3 L1 L2
ANN7 L3 L1 L3 L2
ANNS L3 L2 L1 L3
ANN9 L3 L3 L2 L1

Figure 6. ANN architecture with none hidden layer (ANN-L9).
Slika 6. ANN arhitektura bez skrivenog sloja (ANN-L9).

2. COCOMO2000 and ANN-L18

The second proposed ANN architecture, denoted as ANN-L18, is designed with a
single hidden layer. It is based on the Taguchi orthogonal vector plan (L18) with eight
parameters (Wi , i = 1, 8) and three different levels [7], [8], [119]: L1, L2 and L3, see
Figure 7, Table 6. Compared to the previous architecture, this is a combined version,
because the first parameter has only two levels, and the remaining seven have all three
levels. It is experimented with eighteen ANN candidates denoted as ANNI,
ANN2,...,ANNI18 who compete to become a "Winner" network.
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Table 6. Taguchi orthogonal vector plan (L18=2!37).
Tabela 6. Taguci ortogonalni vektorski plan (L18=2'37).

ANN-L18 W, W2 W3 W, Ws Ws W7 Ws

ANNI1 L1 L1 L1 L1 L1 L1 L1 L1
ANN2 L1 L1 L2 L2 L2 L2 L2 L2
ANN3 L1 L1 L3 L3 L3 L3 L3 L3
ANN4 L1 L2 L1 L1 L2 L2 L3 L3
ANNS L1 L2 L2 L2 L3 L3 L1 L1
ANNG6 L1 L2 L3 L3 L1 L1 L2 L2
ANN7 L1 L3 L1 L2 L1 L3 L2 L3
ANNS L1 L3 L2 L3 L2 L1 L3 L1
ANN9 L1 L3 L3 L1 L3 L2 L1 L2
ANNI10 L2 L1 L1 L3 L3 L2 L2 L1
ANNI11 L2 L1 L2 L1 L1 L3 L3 L2
ANNI2 L2 L1 L3 L2 L2 L1 L1 L3
ANNI3 L2 L2 L1 L2 L3 L1 L3 L2
ANN14 L2 L2 L2 L3 L1 L2 L1 L3
ANNIS5 L2 L2 L3 L1 L2 L3 L2 L1
ANNI16 L2 L3 L1 L3 L2 L3 L1 L2
ANN17 L2 L3 L2 L1 L3 L1 L2 L3
ANNI8 L2 L3 L3 L2 Ll L2 L3 L1

Figure 7. ANN architecture with one hidden layer (ANN-L18).
Slika 7. ANN arhitektura sa jednim skrivenim slojem (ANN-L18).

3. COCOMO2000 and ANN-L27

The third proposed ANN architecture, denoted as ANN-L27, is also designed with
one hidden layer. It is based on the Taguchi orthogonal vector plan (L27) with thirteen
parameters (Wi , i = 1,13) and three different levels [7], [8], [119]: L1, L2 and L3, see
Figure 8, Table 7. It has experimented with twenty-seven ANN candidates denoted as
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ANNI1, ANN2,...,ANN27 who compete to become a "Winner" network. Bias represents
an additional weighting factor to complete the selected orthogonal plan and has a value
of 1.
Table 7. Taguchi orthogonal vector plan (L27=3"3).
Tabela 7. Taguci ortogonalni vektorski plan (L27=3'3).

AIIZI:' Wi W W, Wi Ws W W Ws Wy Wi Wi Wy, Wis
ANNI1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1
ANN2 L1 L1 L1 L1 L2 L2 L2 L2 L2 L2 L2 L2 L2
ANN3 L1 L1 L1 L1 L3 L3 L3 L3 L3 L3 L3 L3 L3
ANN4 L1 L2 L2 L2 L1 L1 L1 L2 L2 L2 L3 L3 L3
ANNS L1 L2 L2 L2 L2 L2 L2 L3 L3 L3 L1 L1 L1
ANN6 L1 L2 L2 L2 L1 L1 L1 L3 L3 L3 L2 L2 L2
ANN7 L1 L3 L3 L3 L1 L1 L1 L3 L3 L3 L2 L2 L2
ANNS L1 L3 L3 L3 L2 L2 L2 L1 L1 L1 L3 L3 L3
ANN9 L1 L3 L3 L3 L3 L3 L3 L2 L2 L2 L1 L1 L1
ANN10 L2 L1 L2 L3 L1 L2 L3 L1 L2 L3 L1 L2 L3
ANNI11 L2 L1 L2 L3 L2 L3 L1 L2 L3 L1 L2 L3 L1

ANN12 L2 L1 L2 L3 L3 L1 L2 L3 L1 L2 L3 L1 L2
ANNI13 L2 L2 L3 L1 L1 L2 L3 L2 L3 L1 L3 L1 L2
ANN14 L2 L2 L3 L1 L2 L3 L1 L3 L1 L2 L1 L2 L3
ANNIS5 L2 L2 L3 L1 L3 L1 L2 L1 L2 L3 L2 L3 L1
ANN16 L2 L3 L1 L2 L1 L2 L3 L3 L1 L2 L2 L3 L1

ANN17 L2 L3 L1 L2 L2 L3 L1 L1 L2 L3 L3 L1 L2
ANN18 L2 L3 L1 L2 L3 L1 L2 L2 L3 L1 L1 L2 L3
ANNI9 L3 L1 L3 L2 L1 L3 L2 L1 L3 L2 L1 L3 L2
ANN20 L3 L1 L3 L2 L2 L1 L3 L2 L1 L3 L2 L1 L3
ANN21 L3 L1 L3 L2 L3 L2 L1 L3 L2 L1 L3 L2 L1
ANN22 L3 L2 L1 L3 L1 L3 L2 L2 L1 L3 L3 L2 L1
ANN23 L3 L2 L1 L3 L2 L1 L3 L3 L2 L1 L1 L3 L2
ANN24 L3 L2 L1 L3 L3 L2 L1 L1 L3 L2 L2 L1 L3

ANN25 L3 L3 L2 L1 L1 L3 L2 L3 L2 L1 L2 L1 L3
ANN26 L3 L3 L2 L1 L2 L1 L3 L1 L3 L2 L3 L2 L1
ANN27 L3 L3 L2 L1 L3 L2 L1 L2 L1 L3 L1 L3 L2
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Figure 8. ANN architecture with one hidden layer (ANN-L27).
Slika 8. ANN arhitektura sa jednim skrivenim slojem (ANN-L27).

4. COCOMO2000 and ANN-L36

The fourth proposed ANN architecture, denoted as ANN-L36, consists of two
hidden layers. It is based on the Taguchi orthogonal vector plan (L36) with twenty-three
parameters (Wi, i = 1,23) and three different levels [7], [8], [119]: L1, L2 and L3, see
Figure 9, Table 8. This architecture is a combined network, because the first eleven
parameters have only two levels, and the remaining twelve have all three levels. It is
experimented with thirty-six ANN candidates denoted as ANN1, ANN2,...,ANN36 who
compete to become a "Winner" network. Bias represents an additional weighting factor
to complete the selected orthogonal plan and has a value of 1.
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Table 8. Taguchi orthogonal vector plan (L36=2!1312),
Tabela 8. Taguci ortogonalni vektorski plan (L36=2'1312),

ANN- Wi W2 Ws We Ws We W7 Wz Wo Wi Wi We Wi Wiu Wi Wi Wi Wi Wi Wiu Wa Wu Wi
L36

ANNI1 L1 L1 L1 LI LI LI LI LI LI L1 L1 L1 L1 LI L1 LI L1 Ll L1 L1 L1 L1 L1
ANN2 L1 L1 L1 L1 LI LI LI LI LI L1 L1 L2 L2 L2 L2 L2 L2 L2 L2 L2 L2 L2 L2
ANN3 L1 L1 Lr L1 L1 LI LI L1 LI L1 Lr L3 L3 L3 L3 L3 L3 L3 L3 L3 L3 L3 L3
ANN4 L1 L1 L1 L1 LI L2 L2 L2 L2 L2 L2 L1 L1 LI LI L2 L2 L2 L2 L3 L3 L3 L3
ANNS L1 L1 Ll L1 LI L2 L2 L2 L2 L2 L2 L2 L2 L2 L2 L3 L3 L3 L3 LI L1 L1 L1
ANNG6 L1 Ll Ll LI LI L2 L2 L2 L2 L2 L2 L3 L3 L3 L3 LI L1 Ll L1 L2 L2 L2 L2
ANN7 L1 L1 L2 L2 L2 LI LI L1 L2 L2 L2 L1 L1 L2 L3 LI L2 L3 L3 LI L2 L2 L3
ANNS L1 Ll L2 L2 L2 LI LI L1 L2 L2 L2 L2 L[2 L3 LI L2 L3 LI LI L2 L3 L3 L1
ANN9 L1 L1 L2 L2 L2 LI LI L1 L2 L2 L2 L3 L3 LI L2 L3 LI L2 L2 L3 L1 L1 L2
ANN10 L1 L2 L1 L2 L2 LI L2 L2 LI L1 L2 L1 L1 L3 L2 LI L3 L2 L3 L2 L1 L3 L2
ANNI1 L1 L2 L1 L2 L2 LI L2 L2 LI L1 L2 L2 L2 LI L3 L2 LI L3 L1 L3 L2 L1 L3
ANNI12 L1 L2 L1 L2 L2 LI L2 L2 LI L1 L2 L3 L3 L2 LI L3 L2 LI L2 LI L3 L2 L1
ANNI13 L1 L2 L2 LI L2 L2 L1 L2 LI L2 L L1 L2 L3 LI L3 L2 LI L3 L3 L2 L1 L2
ANN14 L1 L2 L2 L1 L2 L2 L1 L2 LI L2 L1 L2 L3 LI L2 LI L3 L2 LI LI L3 L2 L3
ANN15 L1 L2 L2 L1 L2 L2 LI L2 LI L2 Lr L3 L1 L2 L3 L2 LI L3 L2 L2 L1 L3 L1
ANN16 L1 L2 L2 L2 LI L2 L2 L1 L2 L1 L1 L1 L2 L3 L2 LI L1 L3 L2 L3 L3 L2 L1
ANN17 L1 L2 L2 L2 LI L2 L2 L1 L2 L1 Lr L2 L3 LI L3 L2 L2 LI L3 Ll L1 L3 L2
ANN18 L1 L2 L2 L2 LI L2 L2 L1 L2 L1 Lr L3 L1 L2 L1 L3 L3 L2 L1 L2 L2 L1 L3
ANNI19 L2 L1 L2 L2 LI LI L2 L2 LI L2 L L1 L2 LI L3 L3 L3 LI L2 L2 L1 L2 L3
ANN20 L2 L1 L2 L2 LI LI L2 L2 LI L2 L1 L2 L3 L2 L1 LI L1 L2 L3 L3 L2 L3 L1
ANN21 L2 L1 L2 12 LI L1 L2 L2 LI L2 Lr L3 L1 L3 L2 L2 L2 L3 L1 LI L3 L1 L2
ANN22 L2 L1 L2 LI L2 L2 L2 LI LI L1 L2 L1 L2 L2 L3 L3 LI L2 L1 L1 L3 L3 L2
ANN23 L2 Ll L2 LI L2 L2 L2 LI LI L1 L2 L2 L3 L3 L1 LI L2 L3 L2 L2 L1 L1 L3
ANN24 L2 L1 L2 L1 L2 L2 L2 LI LIl L1 L2 L3 L1 LI L2 L2 L3 LI L3 L3 L2 L2 L1
ANN25 L2 L1 L1 L2 L2 L2 LI L2 L2 L1 Lr L1 L3 L2 LI L2 L3 L3 L1 L3 L1 L2 L2
ANN26 L2 L1 L1 L2 L2 L2 L1 L2 L2 L1 L1 L2 L1 L3 L2 L3 LI Ll L2 L1 L2 L3 L3
ANN27 L2 L1 Ll L2 L2 L2 L1 L2 L2 L1 Ll L3 L2 LI L3 LI L2 L2 L3 L2 L3 L1 L1
ANN28 L2 L2 L2 L1 LI LI L1 L2 L2 L1 L2 L1 L3 L2 L2 L2 LI LI L3 L2 L3 L1 L3
ANN29 L2 L2 L2 LI LI LI LI L2 L2 L1 L2 L2 L1 L3 L3 L3 L2 L2 L1 L3 L1 L2 L1
ANN30 L2 L2 L2 LI LI LI LI L2 L2 L1 L2 L3 L2 LI L1 LI L3 L3 L2 LI L2 L3 L2
ANN31 L2 L2 L1 L2 LI L2 L1 LI LI L2 L2 L1 L3 L3 L3 L2 L3 L2 L2 LI L2 L1 L1
ANN32 L2 L2 Lr r2 LI L2 LI L1 LI L2 L2 L2 L1 LI LI L3 LI L3 L3 L2 L3 L2 L2
ANN33 L2 L2 L1 L2 LI L2 L1 LI LI L2 L2 L3 L2 L2 L2 LI L2 L1 LI L3 L1 L3 L3
ANN34 L2 L2 L1 LI L2 LI L2 L1 L2 L2 L L1 L3 LI L2 L3 L2 L3 L1 L2 L2 L3 L1
ANN35 L2 L1 L1 L2 LI L2 L1 L2 L2 L1 L2 L1 L2 L3 LI L3 L1 L2 L3 L3 L1 L2
ANN36 L2 L1 LI L2 LI L2 LI L2 L2 L L3 L[2 L3 LI L2 LI L2 L3 LI L1 L2 L3

58

Figure 9. ANN architecture with two hidden layers (ANN-L36).
Slika 9. ANN arhitektura sa dva skrivena sloja (ANN-L36).
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Each experiment, depending on the chosen approach and used datasets, consists
of three parts:

1. Training of the proposed ANN architecture who compete to become a "Winner"
network.

2. Testing on ANN "Winner" that gave the lowest value of MMRE in the first part
of the experiment on the same dataset;

3. Validation on the ANN that gave the lowest value of MMRE in the first part of
the experiment, but on other datasets.

3.1.1 Data sets used in the COCOMO2000 approach

The data on which the experiments were performed has heterogeneous nature;
therefore it is necessary to check the data on several different data sources. Since the
experiment uses artificial neural network architectures with three input values, the
estimated effort for the software development project is calculated according to the
COCOMO2000 formula (4-10) and is presented as the number of person-months [PM].

For the first experiment devoted to the training of models, a COCOMO2000
dataset of 100 projects for all four proposed ANN architectures was used. The
COCOMO2000 dataset of 20 projects for the second stage of experiment, i.e. for testing
developed models for all four proposed ANN architectures, was used.

To increase the reliability of our proposed approach, several datasets such as
COCOMO81, where 51 random projects were selected, a NASA dataset with 60 projects,
and a Kemerer dataset with 15 projects were used for the last stage of the experiment -
1.e. for the validation of developed models, see Table 9.

From the datasets used [120], it can be observed that the actual effort ranges from
a minimum of 6.0 person-months (PM) in Dataset 1 to a maximum of 11399.9 PM in
Dataset 3. This leads to the conclusion that the range of data is with very large standard
deviation, see Table 10.

Table 9. Information on used datasets (COCOMO2000).
Tabela 9. Informacije o koriS¢enim skupovima podataka (COCOMO2000).

Dataset Number of projects Experiment
Dataset 1 COCOMO2000 dataset 100 Training
Dataset 2 COCOMO2000 dataset 20 Testing
Dataset 3 COCOMO8I1 dataset Random 51 Validationl
Dataset 4 NASA dataset 60 Validation2
Dataset 5 Kemerer dataset 15 Validation3
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Table 10. Basic statistics about datasets (COCOMO2000).
Tabela 10. Osnovni statisticki podaci o kori§¢enim skupovima podataka

(COCOMO2000).
Dataset No. of projects Min Max Mean Std. deviation [PM]
[PM] [PM] [PM]

Dataset 1 100 6.0 8211.0 616.0 1131.5
Dataset 2 20 28.1 606.8 277.0 206.3
Dataset 3 51 33.0 11399.9 841.8 1994.9
Dataset 4 60 8.4 3240.0 406.4 656.9
Dataset 5 15 23.2 1780.0 316.7 456.7

3.1.2 The methodology used within the improved COCOMO2000

model

The appropriate methodology was selected for the experimental part in the
COCOMO2000 approach based on several trial experiments. The order of the steps in the
experiments was constructed based on a robust design algorithm and shown in the Figure

10.
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‘ The structure of the experiment ’

Training
Input layer, Clustering ‘
Coding method
(fuzzification)

Activation function choices —
hidden layer

Decoding method ‘
(defuzzification)

Step 5 4% Output layer, tracking GA ‘

Step 6 —" Correlation, Prediction ‘

Step 7 4% Obtained results ‘
Testing H
Validation k—

Figure 10. Robust design algorithm for performing the experiment (COCOMO2000).
Slika 10. Algoritam robusnog dizajna za izvodenje eksperimenta (COCOMO2000).

Step 1: Input layer, Clustering

The input layer consists of data from the first 100 projects of the COCOMO2000
dataset, divided into three clusters according to the value of actual effort expressed in
person-months [PM]: less than 90PM (small projects), between 90PM and 500PM
(medium projects), and more than S00PM (large projects). The three input values for the
proposed neural network architectures ANN-L9, ANN-L18, ANN-L27, and ANN-L36
are: X1 =E, X2 = PEM,, and X3 = KLOC (see formulas 5-7).

Step 2: Coding method (fuzzification)

In all trial experiments, the method that gave the best results was fuzzification
which includes: mapping of all input values X1, X2 and X3 into real values given in the
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interval [0, 1]: The function up(X): R — [0, 1] , translates the real values of input signals
into coded values from the interval [0, 1] , in the following way: up(X;) =
(Xi—Xmin)/ Xmax —Xmin) (min-max normalization) [121], where D is the set of data on
which the experiment is performed.

Step 3: Activation function choices - hidden layer

The functions of the hidden layer and the output layer use two different activation
functions for proposed ANN architectures. EstEffANN represents the output value of
proposed model (31):

1
1+e %’

1. y; = i=1,n (1)

a) None hidden and one output layer function for ANN-L9 architecture, see Figure 6,
Table 5 (32):

EStEffANN — L9 = 1/(1 + e~ X1 WitXa WatXs Wa+1Wy)) (32)
where EstEffANN-L9 is the output value.

b) One hidden and one output layer functions for ANN-L18 architecture, see Figure 7,
Table 6 (33)-(35):

Y, = 1/(1 + e—(X1'W1+X2'W3+X3'W5)) (33)
Y, = 1/(1 + e—(X1'W2+X2'W4+X3'W6)) (34)
EStEffANN — 118 = 1/(1 + e~ (W7 +%2Ws)) (35)

where Y7and Y-are calculated values from hidden layer and EstEffANN-L18 is the output
value.

¢) One hidden and one output layer functions for ANN-L27 architecture, see Figure 8,
Table 7 (36)-(39):

1

Y\ = ewikwarka ) (36)
Y, = 1+e_(x1.wz+§2.ws+x3w8) (37)
Y; = 1+e_(x1.w3+§2.w6+x3w9> (38)
EStEffANN — L27 = ! (39)

1+e~ (Y1 W1o+YoW11+Y3Wip+1Wy3)
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where Y7, Y2, and Y3 are calculated values from hidden layer and EstEffANN-L27 is the
output value.

d) Two hidden and one output layer functions for ANN-L36 architecture, see Figure 9,
Table 7 (40)-(46):

1

h = 1+e- X1 W1+X2 Ws+X3-Wg) (40)
1

Y, = 1+e~ X1 W2+X2We+X3Wio) (41)
1

Y3 = 1+e~ X1 W3+XoW7+X3:Wq1) (42)
1

Y, = 1+e~ X1 WatXo Wg+X3W13) (43)

Zl = 1+e—(Y1'W13+Y2'W115+Y3'W17+Y4'W19) (44)

2= 1+e_(Yl'W14—+Y2'W116+Y3'W18+Y4'W20) (45)

1
1+e~(Z1W21+Z2W3+1-W23) (46)

EStEffANN — L36 =

where Y;, Y2, Y3 and Yy are calculated values from the first hidden layer, Z; and Z, are
calculated values from the second hidden layer and EstEffANN-L36 is the output value.

Example of hyperbolic tangent for ANN-L27 and ANN-L36 according to formula (47):

xi

eXi—e”

2.y, = ,i=1n (47)

eXi+e %i

a) Hidden and output layer functions for ANN-L27 architecture, according to formulas
(48)-(51):

eX1W1+Xo Wa+X3-W7) _o—(X1W1+X2 Wa+X3W7)

1= X Wit Xg WatXgW7) 4o (Xy W1 +Xz Wat X3 W7) (48)
e X1 W2+Xo Ws+X3-Wg)_o—(X1-W2+X3 Ws+X3Wg)

Y, = (X1 Wt X W5+ X3 Wg) 4 o— (X1 Wat X W5 +X3Wg) (49)
e X1 W3+Xo Ws+X3-Wo)_ o~ (X1 W3+X3 Ws+X3Wo)

Y; = e (X1 W3+Xz W5+X3:Wo) 4 o~ (X1 W3+X2 W5+X3 W) (50)

Y1 W10+Y2W11+Y3Wip+1Wy3) _p—(Y1-W10+Y2 W11+Y3-W12+1:Wq3)
e e

EStEffANN — L27 =

51
e(Y1Wi0+Y2W11+Y3Wi2+1W13) f o= (Y1 Wi10+Y2 W11+Y3-W12+1-Wy3) ( )

where Y}, Y>, Y3 are calculated values from hidden layer and EstEffANN-L27 is the output
value.

b) Hidden and output layer functions for ANN-L36 architecture, according to formulas
(52)-(58):
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eX1W1+XoWs+X3:Wg) _o—(X1W1+X2 W5+X3Wo)
1= Xy Wit X W5t X3 Wo) 4o (X1 W1+ Xz W5+ X3 Wo) (52)
eX1W2+XoWe+X3:W10) _ o= (X1 W2+X2Wet+X3W1g)
YZ = e(X1Wot+XoWe+X3W10) 4o~ (X1 W2+X2We+X3:Wq0) (53)
eX1W3+XaW7+X3-W11) _p—(X1W3+Xa W7+X3W11)

= 4
3 e X1 W3+Xo W7+X3:W11) 4o~ (X1 W3+Xo W7+X3-W1q) (5 )
eX1Wat+XoWg+X3Wi3)_ o= (X1 Wa+XyWg+X3Wq3)

Y4 = e(X1Wat+XoWg+X3W12)o— (X1 WstX2 Wg+X3:Wq3) (55)
e(Y1W13+Yo Wis+Y3W174Y4aWi9) _o=(Y1-W13+Y2 Wi5+Y3W17+Y4-W19)
Zl = e(Y1Wi13+YoWis+Y3W17+Y4Wi19) 4 o= (Y1 W13+Y 2 Wys+Y3W17+Y4Wy9) (56)
e(Y1Wi14+Yo Wie+Y3Wig+YaWo0) o= (Y1 W1a+Y2 W16+Y3-W1g+Y4-W2o)
Zz = e(Y1W14+Yo Wie+Y3Wig+YaW30) 4 o= (Y1 Wia+Y2 W16+Y3-W1g+Y4W2o) (57)
e(Z1W21+ZaWop+Y3Wig+1W23)_o—(Z1W31+Z2W2+Y3W1g+1-W23)
EstEffANN — L36 = (58)

e(Z1W21+Z2Wo2+Y3Wi1g+1W23) 4 o—(Z1'W21+Z2Wo2+Y3W1g+1-W33)

where Y;, Y>, Y3 and Yy are calculated values from the first hidden layer, Z; and Z, are
calculated values from the second hidden layer and EstEffANN-L36 is the output value.

Initial values in all proposed ANN architectures for weighting factors are taken
from set [-1, 0, 1]. After the first iteration, the value of the cost effect function is calculated
and arranged based on Taguchi Orthogonal Array and according to the following formula
- for example, ANN-L27 and ANN-L36 are arranged as follows [7], [119] (59):

L1W; = costl + cost2 +...4+cost9
L2W1 = cost10 + costll + .. .4cost18
L3W1 = cost19 + cost20 + .. .+cost27

L1W13 = costl + cost5 +...+cost26
L1W13 = cost2 + cost6 + ...+cost27
L1W13 = cost3 + cost4 + . ..+cost25

where cost(/) = X MRE(ANN-L27(7)) (59)
Calculating the levels for ANN-L36 architecture [7], [119] according to formula (60):

L1W; = costl + cost2 +...4+cost18
L2W1 = cost19 + cost20 + .. .+cost36

L1W33 = costl + cost5 +...+cost34
L2W33 = cost2 + cost6 + ...+cost35
L3W;3 = cost3 + cost4 + .. .+cost36
where cost(/) = X MRE(ANN-L36(/)) (60)
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For each subsequent iteration, the interval is divided as follows [7], [119]

according to formula (61):

L1Winew = L2Wio0ld
L2Winew = L2W0ld + (L3W1lold — L2W10ld) /2
L3Winew = L3Wio0/d (61)

where suffix “old” means values from the interval of the previous iteration, and “new”

means the value calculated based on the division of the previous intervals.

The set of input values of each dataset converges depending on the value of the

cost effect function. An example of dividing the interval and calculating the value of the
cost effect function through 6 iterations are given in Figures 11-16, and Tables 11-20.

Table 11. Cost effect function values - 1% iteration.
Tabela 11. Vrednosti funkcije troskova u prvoj iteraciji.

Cost effect function values for the 15t iteration

Wi Wi W2 Wi Wy Ws Ws % Wsg Wy Wio Wi Wi Wiz
L1 70.64 70.04 70.68 70.72 70.48 70.53 70.59 70.66 70.54 7091 70.89 70.84 71.05
L2 7059 7086 7059 7057 7071 70.74 7052 70.63 70.63 7054 7057 7055 70.77
L3 7058 7091 7055 7052 70.62 7054 7070 70.64 70.64 7036 7034 7042 69.99

Cost effect values 1.iteration

71,20
71,00
70,80
70,60
70,40
70,20
70,00
69,80

cost effect

Wls W29 W3a ooy W13
L1 L2 L3

Figure 11. Graphical representation of the cost effect function values - 1% iteration.
Slika 11. Graficka reprezentacija vrednosti funkcije troSkova tokom prve iteracije.
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From Figure 11 and Table 11 it can be concluded that the weighting factors W»,
Wio and W13 have the greatest influence on the change of MRE values in the next iteration.
Weighting factor Wg has the smallest impact in this iteration.

W, W,
70,65 70,80
70,60 \\.
’ 70,60
70,55
70,50 70,40
| 2 3 0 2 4
W, Wy
70,67 70,70
70,66 70,60
70,65 20,50 -«
70,64 :
70.63 70,40
0 2 4 1 2 3

Figure 12. Division of the interval according to the value of the cost effect function.
Slika 12. Podela intervala prema vrednostima funkcije troSkova.

Table 12. Intervals for the 2" iteration.
Tabela 12. Vrednosti intervala u drugoj iteraciji.

Intervals for the 2"¢ iteration
W; W, W, W; Wy Ws Ws W Ws Wy Wio Wi Wi Wip
L1 0.00 -1.00 0.00 0.00 -1.00 -1.00 -1.00 0.00 -1.00 0.00 0.00 0.00 0.00
L2 050 -0.50 050 050 -0.50 -0.50 -0.50 0.50 -0.50 050 050 050 0.50
L3 1.00  0.00 1.00 1.00 0.00 0.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00

Table 13. Cost effect function values - 2" iteration.
Tabela 13. Vrednosti funkcije troskova u drugoj iteraciji.

Cost effect function values for the 2" iteration

Wi W] W2 W3 W4 W5 W6 W7 Wg W9 WIO Wl] WIZ Wl3
L1 69.88 69.68 69.85 69.87 69.74 69.83 69.86 6991 6984 69.88 69.99 69.87 70.06

L2 6978 6990 6980 69.79 6985 6983 69.81 69.78 69.84 69.77 69.79 69.77 69.83
L3 6976 69.84 69.78 69.76 69.83 69.76 69.75 69.78 69.75 69.77 69.65 69.78 69.53
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cost effect

70,10
70,00
69,90
69,80
69,70
69,60
69,50

Cost effect values 2.iteration

Wl sW29W39--°9W13
L1 L2 L3

Figure 13. Graphical representation of the cost effect function values - 2" iteration.
Slika 13. Graficka reprezentacija vrednosti funkcije troSkova tokom druge iteracije.

From Figure 13 and Table 13 it can be concluded that the weighting factors Wi
and W13 have the greatest influence on the change of MRE values in the next iteration.
Weighting factors W3 and Ws have the smallest impact in this iteration.

Table 14. Intervals for the 3™ iteration.
Tabela 14. Vrednosti intervala u drugoj iteraciji.

Intervals for the 3" iteration

Wi W, W; W, Ws Ws \W Wg Wy Wio Wi Wi Wiz
L1 050 -1.00 050 050 -1.00 -0.50 -0.50 0.0 -050 050 050 050 0.50
L2 075 -075 075 075 -075 025 -025 075 -025 075 075 075 075
L3 100 -050 100 1.00 -050 000 000 1.00 000 100 100 1.00 1.00
Table 15. Cost effect function values - 3™ iteration.
Tabela 15. Vrednosti funkcije troskova u trecoj iteraciji.
Cost effect function values for the 374 iteration
Wi Wi W, W; W, Ws W % Ws Wy Wio Wi Wi Wiz
L1 6941 6938 6941 6942 6939 6940 69.44 6942 6943 6943 6946 6941 69.46
L2 6937 6939 6937 6937 6938 6939 6938 6938 6939 6937 6937 6937 69.39
L3 6937 6938 6936 6936 6938 6936 6933 6937 6933 6935 6932 6936 6931
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Cost effect values 3.iteration

_ 69,50
(5]
% 69,30
(=]
© 69,20
0 2 4 6 8 10 12 14

Wi, Wy, Wi, W
L1 L2 L3

Figure 14. Graphical representation of the cost effect function values - 3™ iteration.
Slika 14. Graficka reprezentacija vrednosti funkcije troSkova tokom trece iteracije.

From Figure 14 and Table 15 it can be concluded that the weighting factors Wi
and W13 have the greatest influence on the change of MRE values in the next iteration.
Weighting factors W> and Ws have the smallest impact in this iteration.

Table 16. Intervals for the 4 iteration.
Tabela 16. Vrednosti intervala u Cetvrtoj iteraciji.

Intervals for the 4" iteration
Wi Wi W, W3 Wy Ws Ws W5 Ws Wy Wio Wi Wi, Wis
L1 0.75 -1.00 075  0.75 -0.75  -025 -025 075 -025 0.75 0.75 0.75 0.75
L2 088 -088 088 088 -063 -0.13 -0.13 088 -0.13 088 0.88 0.88 0.88
L3 1.00  -0.75 1.00 1.00  -0.50 0.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00

Table 17. Cost effect function values - 4" iteration.
Tabela 17. Vrednosti funkcije troskova u €etvrtoj iteraciji.

Cost effect function values for the 4 iteration

Wi W] W2 W3 W4 W5 W6 W7 Wg W9 WIO Wl] WIZ Wl3
L1 69.22 6922 69.22 69.23 6922 69.22 6924 69.22 6924 69.23 69.24 69.23 69.24

L2 6921 69.22 6921 6921 69.21 6921 69.21 6921 6922 6921 69.21 69.21 69.21
L3 6921 69.21 6921 6921 69.21 6921 69.19 6921 69.19 6920 6920 69.20 69.19
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Cost effect values 4.iteration
69,17

b
e 69,15
§ o1 m
69,13
0 2 4 6 8 10 12 14
Wi, W,,W,,...,. W5
L1 L2 L3

Figure 15. Graphical representation of the cost effect function values - 4™ iteration.
Slika 15. Graficka reprezentacija vrednosti funkcije troSkova tokom Cetvrte iteracije.

From Figure 15 and Table 17 it can be concluded that the weighting factors W5
and Wy have the greatest influence on the change of MRE values in the next iteration.
Weighting factors W> and Ws have the smallest impact in this iteration.

Table 18. Intervals for the 5% iteration.
Tabela 18. Vrednosti intervala u petoj iteraciji.

Intervals for the 5t iteration
Wi Wi W, W3 Wy Ws Ws W5 Ws Wy Wio Wi Wi, Wis
L1 088 -088 088 088 -063 -0.13 -0.13 088 -0.13 088 0.88 0.88 0.88
L2 094  -0.81 094 094 -056 -0.06 -0.06 094 -006 094 094 094 094
L3 1.00  -0.75 1.00 1.00  -0.50 0.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00

Table 19. Cost effect function values - 5" iteration.
Tabela 19. Vrednosti funkcije troskova u petoj iteraciji.

Cost effect function values for the 5t iteration

Wi W, W, W3 Wy Ws W Wy Wg Wy Wio Wi Wi Wis
L1 69.15 69.15 69.15 69.15 69.15 69.15 69.16 69.15 69.16 69.16 69.16 69.16 69.16

L2 69.15 69.15 69.15 69.15 69.15 69.15 69.15 69.15 69.15 69.15 69.15 69.15 69.15
L3 69.15 69.15 69.15 69.15 69.15 69.15 69.14 69.15 69.14 69.14 69.14 69.15 69.14
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Cost effect values S.iteration

69,12
69,12

69,12 ‘_/\J\/\,\/
69,11

69,11 B R—

69.11 W

69,11
0 2 4 6 8 10 12 14

cost effect

Wla W29 W37-"aW13
L1 L2 L3

Figure 16. Graphical representation of the cost effect function values - 5 iteration.
Slika 16. Graficka reprezentacija vrednosti funkcije troSkova tokom pete iteracije.

From Figure 16 and Table 19 it can be concluded that the weighting factors Wo
and Wyo have the greatest influence on the change of MRE values in the next iteration.
Weighting factors W> and Ws have the smallest impact in this iteration.

Table 20. Intervals for the 6 iteration.
Tabela 20. Vrednosti intervala u Sestoj iteraciji.

Intervals for the 6" iteration
Wi % W, W; W Ws Ws Wy Ws Wo Wio Wi Wi Wp
L1 088 -0.88 0.88 088 -0.63 -0.13 -0.13 0.88 -0.13 088 0.88 0.88 0.88
L2 094 -081 094 094 -056 -0.06 -0.06 094 -006 094 094 094 094
L3 1.00 -0.75 1.00 1.00 -0.50 0.00 0.00 1.00 0.00 1.00 1.00 1.00 1.00

By the interval division procedure, the MRE value decreases significantly in each
subsequent iteration. The number of iterations required to reach the minimum relative
error depends on the cost effect function. The rate at which each of the proposed ANNs
advances toward the minimal magnitude relative error is actually its rate of convergence.
e.g., the cost effect values of the ANN-L27 network function are calculated for each level
L1, L2, and L3 after each iteration is performed. The cost effect function needs to be
calculated for each of the architectures ANN-L9, ANN-L18, ANN-L27, and ANN-L36
according to the Taguchi Orthogonal Arrays. This procedure should be repeated until the
end of iterations, i.e. until the conditions are reached when GA <0.01. The figures above
show the value of the cost effect function at all three levels, for all 5 iterations - for
example, on the selected ANN-L27 architecture. From the figures it can also be concluded
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how much is the influence of each weighting factor on the rate of convergence of the
proposed ANN architecture. There are 13 weighting factors in the ANN-L27 architecture:
Wi, Wa,...,Wis. The closer the curves are, the contribution of weighting factors is minimal,
for example from W to W5 on Figure 16. In contrast, if the curves are more distant, the
contribution of their weighting factors to the convergence rate is higher, for example, from
Ws to Wio on Figure 16. From this it can be concluded that not all weight factors have a
uniform influence on the rate of convergence. The same procedure is repeated for all
proposed architectures for each iteration. The rate of convergence of each ANN
architecture depends on the appropriate division of the interval, which is performed based
on the values of the cost effect function. As the values of input signals (projects) are
heterogeneous, then the values of the cost effect function for all three levels are different.
In the presented Figures 11-16 it can be seen that the values of the cost effect function for
all three levels are uneven, i.e. that the network initially converges poorly. Dividing the
interval properly, in each iteration performed, the symmetry of the first and third levels is
achieved. When the second level has equal values, the ANN architecture converges to a
specific value (MRE).

Step 4: Decoding method (defuzzification)

In all parts of the performed experiment, the appropriate method of defuzzification
(decoding) was used according to the following formulas [122] (62)-(64):

Xi = Xmin + 1o (X)) * Kmax — Xmin) (62)
OA(ANN — L27 = X;),i = (1,27) (63)
OA(ANN — L36 = X;),i = (1,36) (64)

where i=9, i=18, i=27 and i=36.
Step 5: Output layer, tracking GA

The performance of estimation strategies should be evaluated. There are a range
of quantitative relation measurements of accuracy metrics (etc.) that could be used for
assessing the quality of a particular estimation strategy. For each iteration in this
experiment, the output values are obtained according to the following formulas/measures
(65)-(69) [123]:

Deviation = |ActEf fort — EstEf fort| (65)
MAE; = -3, |ActEffort — EstEffort| (66)
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MRE = Deviation/ActEffort (67)
MRE =% .Y MRE; (68)
MMRE = mean (MRE) (69)

For each of the experimental parts in every iteration, the Gradient Descent is
monitored with the condition GA<0.01, calculated as (70):

GA = MRE;; — MRE;, < 0.01,
wherei =1,..,n nisanumber of ANN a Winner candidates. (70)

The difference of the minimum values for each iteration in each ANN architecture
is denoted by delta, where delta(i) = §;, and is calculated as follows (71), (72):

8; = MMRE;, — MMRE ;) i—number of ANN, k —number of iteration. (71)
if §; > 8;41, then ANN; converges to MMRE; for each of the proposed ANN architectures. (72)

In this way, it can be determined which of the ANN architectures meets the given
criterion of rapidity, i.e. which one converges at the fastest rate. By experimenting with
different ANN architectures, a GA criterion was set to meet the required number of
iterations or stopping convergence at GA <0.01.

In the training part of the experiment of the each “ANN candidate” of the selected
ANN architecture according to Taguchi’s Orthogonal Array, in each subsequent iteration,
a reduction of MRE of less than 1% is achieved, which in this experiment represents a
"stop criterion" [114], [115].

Step 6: Correlation, Prediction

Correlation represents the interrelationship between real and estimated value. The
higher the correlation coefficient, the more stable the correlation. In this experiment,
Pearson’s [124], Spearman’s [125] and R? [126] test were followed. Correlation ranges
from +1 to -1 and a correlation of +1 means that there is a perfect positive relationship
between variables. The general formula for calculating the correlation coefficients
between two variable is as follows (73):

T (i = Hi =)
[Euim 925 0 92

Correl(X,Y) = (73)

Prediction at three criteria: PRED(25), PRED(30), and PRED(50) to calculate the
percentage of the total number of ANNs that meet the GA criterion, see formula (74),
[127].
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n
1 1, if MRE <x
PRED(x) = n z {O, otherwise

i=1
PRED(k) = count(MRE) < 25%
PRED(k) = count(MRE) < 30%

PRED(k) = count(MRE) < 50% , where k=25, k=30, and k= 50. (74)

Step 7: Obtained results

Testing of trained models is performed following the same methodology and
algorithm related to other projects (these are not used in the training part of the
experiment) in the same dataset. Validation as another quality check of proposed and
trained models is performed also following the same methodology, but on different
sources/other datasets. Also, testing and validation, are performed on the ANN network
that gives the best results for each of the proposed ANN architectures.

3.2 New, improved COSMIC FFP model

As part of the COSMIC FFP approach, an improved COSMIC FFP model is
presented in this subsection. For the improved COSMIC FFP model, the following
architectures and corresponding orthogonal vector plans L12 and L36prim are used:

1. COSMIC FFP and ANN-L12

The first proposed architecture is ANN-L12. It consists of four input values, one
hidden layer with two nodes, one output, and the total number of eleven weighting factors
(Wi, i = 1,11) and whose initial values are from the interval [-1, 1]. The Taguchi
Orthogonal Array used in the construction of this proposed architecture contains two
levels L1 and L2, see Figure 17, Table 21 [7], [8], [114]. Bias represents an additional
weighting factor to complete the selected orthogonal plan and has a value of 1.
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Table 21. Taguchi orthogonal vector plan (L12=2'").
Tabela 21. Taguci ortogonalni vektorski plan (L12=2'").

ASI;I- W, W, W; W, W;s W W, Ws Wy Wio Win
ANNI L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1
ANN2 L1 L1 L1 L1 L1 L2 L2 L2 L2 L2 L2
ANN3 L1 Ll L2 L2 L2 L1 L1 L1 L2 L2 L2
ANN4 L1 L2 L1 L2 L2 L1 L2 L2 L1 L1 L2
ANNS L1 L2 L2 Ll L2 L2 L1 L2 L1 L2 L1
ANN6 L1 L2 L2 L2 L1 L2 L2 L1 L2 L1 L1
ANN7 L2 Ll L2 L2 L1 L1 L2 L2 L1 L2 L1
ANNS L2 Ll L2 Ll L2 L2 L2 L1 L1 L1 L2
ANN9 L2 Ll L1 L2 L2 L2 L1 L2 L2 L1 L1
ANNIO 15 L2 L2 Ll L1 L1 L1 L2 L2 L1 L2
ANNIT 15 L2 L1 L2 L1 L2 L1 L1 L1 L2 L2
ANNIZ 15 L2 L1 Ll L2 L1 L2 L1 L2 L2 L1

Figure 17. ANN architecture with one hidden layer (ANN-L12).
Slika 17. ANN arhitektura sa jednim skrivenim slojem (ANN-L12).

2. COSMIC FFP and ANN-L36prim

The second proposed architecture is ANN-L36prim. It consists of four input
values, one hidden layer with three nodes, one output, and the total number of sixteen
weighting factors (Wi, i = 1,16) and whose initial values are from the interval [-1, 1].
The Taguchi Orthogonal Array used in the construction of this proposed architecture
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contains two levels L1 and L2, see Figure 18, Table 22 [7], [8], [114]. Bias represents an
additional weighting factor to complete the selected orthogonal plan and has a value of 1.

Table 22. Taguchi orthogonal vector plan (L36prim=311243"),
Tabela 22. Taguci ortogonalni vektorski plan (L36prim=3'12431),

ANN-
L36 Wi W, W3 Wy Ws We W7 Ws Wy Wi  Wn Wiz Wp Wi Wis Wi
prim

ANN1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1
ANN2 L2 L2 L2 L2 L2 L2 L2 L2 L2 L2 L2 L2 L1 L1 L1 L1
ANN3 L3 L3 L3 L3 L3 L3 L3 L3 L3 L3 L3 L3 L1 L1 L1 L1
ANN4 L1 L1 L1 L1 L2 L2 L2 L2 L3 L3 L3 L3 L1 L2 L2 L1
ANNS5 L1 L1 L1 L1 L3 L3 L3 L3 L2 L2 L2 L2 L1 L2 L2 L1
ANNG6 L3 L3 L3 L3 L1 L1 L1 L1 L2 L2 L2 L2 L1 L2 L2 L1
ANN7 L1 L1 L2 L3 L1 L2 L3 L3 L1 L1 L1 L3 L2 L1 L2 L1
ANNS L2 L2 L3 L1 L2 L3 L1 L1 L2 L3 L3 L1 L2 L1 L2 L1
ANNO9 L3 L3 L1 L2 L3 L1 L2 L2 L3 L1 L1 L2 L2 L1 L2 L1
AT\(I)Nl L1 L1 L3 L2 L1 L3 L2 L3 L2 L1 L3 L2 L2 L2 L1 L1
AT\?\“ L2 L2 L1 L3 L2 L1 L3 L1 L3 L2 L1 L3 L2 L2 L1 L1
AT\;Nl L3 L3 L2 L1 L3 L2 L1 L2 L1 L3 L2 L1 L2 L2 L1 L1
AT\;Nl L1 L2 L3 L1 L3 L2 L1 L3 L3 L2 L1 L2 L1 L1 L1 L2
AT\I‘Nl L2 L3 L1 L2 L1 L3 L2 L1 L1 L3 L2 L3 L1 L1 L1 L2
AT\;Nl L3 L1 L2 L3 L2 L1 L3 L2 L2 L1 L3 L1 L1 L1 L1 L2
AT\éNl L1 L2 L3 L2 L1 L1 L3 L2 L3 L3 L2 L1 L1 L2 L2 L2
AT\I/Nl L2 L3 L1 L3 L2 L2 L1 L3 L1 L1 L3 L2 L1 L2 L2 L2
AT\;NI L3 L1 L2 L1 L3 L3 L2 L1 L2 L2 L1 L3 L1 L2 L2 L2
AT\;Nl L1 L2 L1 L3 L3 L3 L1 L2 L2 L1 L2 L3 L2 L1 L2 L2
AT\(I)N2 L2 L3 L2 L1 L1 L1 L2 L3 L3 L2 L3 L1 L2 L1 L2 L2
AT\?\Q L3 L1 L3 L2 L2 L2 L3 L1 L1 L3 L1 L2 L2 L1 L2 L2
AT\;N2 L1 L2 L2 L3 L3 L1 L2 L1 L1 L3 L3 L2 L2 L2 L1 L2
AT\:I"N2 L2 L3 L3 L1 L1 L2 L3 L2 L2 L1 L1 L3 L2 L2 L1 L2
AT\‘I‘Nz L3 L1 L1 L2 L2 L3 L1 L3 L3 L2 L2 L1 L2 L2 L1 L2
AN5N2 L1 L3 L2 L1 L2 L3 L3 L1 L3 L1 L2 L2 L1 L1 L1 L3
AT\éN2 L2 L1 L3 L2 L3 L1 L1 L2 L1 L2 L3 L3 L1 L1 L1 L3
AT\I/N2 L3 L2 L1 L3 L1 L2 L2 L3 L2 L3 L1 L1 L1 L1 L1 L3
AT\;N2 L1 L3 L2 L2 L2 L1 L1 L3 L2 L3 L1 L3 L1 L2 L2 L3
AT\;N2 L2 L1 L3 L3 L3 L2 L2 L1 L3 L1 L2 L1 L1 L2 L2 L3
AT\(I)N?’ L3 L2 L1 L1 L1 L3 L3 L2 L1 L2 L3 L2 L1 L2 L2 L3
ANN3 L1 L3 L3 L3 L2 L3 L2 L2 L1 L2 L1 L1 L2 L1 L2 L3
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AI\;N?’ L2 L1 L1 L1 L3 L1 L3 L3 L3 L3 L2 L2 L2 L1 L2 L3
AN3N3 L3 L2 L2 L2 L1 L2 L1 L1 L3 L1 L3 L3 L2 L1 L2 L3
AI\I‘N?’ L1 L3 L1 L2 L3 L2 L3 L1 L2 L2 L3 L1 L2 L2 L1 L3
AI\;N?’ L2 L1 L2 L3 L1 L3 L1 L2 L3 L3 L1 L2 L2 L2 L1 L3
ANN3

L3 L2 L3 L1 L2 L1 L2 L3 L1 L1 L2 L3 L2 L2 L1 L3

Figure 18. ANN architecture with one hidden layer (ANN-L36prim).
Slika 18. ANN arhitektura sa jednim skrivenim slojem (ANN-L36prim).

The experiment presented in this approach consists of three parts:

1. Training of two different ANN architectures constructed according to the
corresponding Taguchi orthogonal vector plans (ANN-L12 and ANN36prim);

2. Testing on ANN "Winner", which gave the best results (the lowest MMRE value) in
the first part of the experiment, for two proposed architectures on the same dataset;

3. Validation on ANN "Winner" that gave the best results (the lowest MMRE value) in
the first part of the experiment, for each selected architecture, but using some other i.e.
different datasets.

3.2.1 Data sets used in the COSMIC FFP approach

For the first and second part of the experiment, the ISBSG [15] repository was
used. In the 3rd part, different data sets are used: Desharnais dataset (avaiable at
http://promise.site.uottawa.ca) and a combined dataset composed of projects of different
companies. ISBSG offers a variety number of information regarding practices from
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various organizations, applications, and development types, which represent its main

potential. The ISBSG suggests that the most important criteria for estimation purposes are

the functional values; the development type (new development, enhancement, or re-

development); the primary programming language or the language type/generation (e.g.,

3GL, 4GL); and the development platform (mainframe, midrange or PC).

The results in Table 23. indicate the heterogeneous nature of the designs of each

dataset used and within all three parts of the experiment. It can be seen that data sets in

this approach [128], [129] are very different in terms of the programming languages used,

the duration of application development, and an extensive range of functional values, with

a large standard deviation, see Table 24.

Table 23. Information on used datasets (COSMIC FFP).
Tabela 23. Informacije o kori§¢enim skupovima podataka (COSMIC FFP).

Datasets Number of Experiment
project
Dataset 1 ISBSG (Functional Size<10) 37 Training
ISBSG (Functional Size<10) 15 Testing
Dataset 2 ISBSG (10<Functional Size<50) 45 Training
ISBSG (10<Functional Size<50) 17 Testing
Dataset_3 ISBSG (50<Functional 30 Training
Size<100)
ISBSG (10<Functional 13 Testing
Size<100)
Dataset_4 ISBSG (100<Functional 60 Training
Size<500)
ISBSG (10<Functional 17 Testing
Size<500)
Datset 5 ISBSG (Functional Size>500) 14 Training
ISBSG (Functional Size>500) 7 Testing
Dataset 6 Desharnais 14 Validation]
Dataset 7 Combined 33 Validation2

Table 24. Basic statistics about datasets (COSMIC FFP).
Tabela 24. Osnovni statisticki podaci o kori§¢enim skupovima podataka (COSMIC

FFP).
Datasets N Min Max Mean Std.
[PM] [PM] [PM] deviation
[PM]
Dataset 1 52 2.0 9.0 5.404 2.4031
Dataset 2 62 10.0 48.0 24.823 11.3203
Dataset 3 43 50.0 99.0 77.116 15.1441
Dataset 4 77 104.0 492.0 234.130 113.8159
Dataset 5 21 561.0 2090.0 1016.048 458.4442
Dataset 6 14 140.0 3860.0 1011.429 920.4251
Dataset 7 33 493.0 2589.0 1193.424 419.4201
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3.2.2 The methodology used within the improved COSMIC FFP model

The appropriate methodology was selected for the experimental part in the
COSMIC FFP approach, i.e. it is based on several trial experiments. The order of the steps
in the experiment was constructed based on a robust design algorithm and shown in the
Figure 19.

Fori=1to 7

-m Training: ANN-L12, ANN L-36prim

else Testing, Validation: ANN-L12, ANN-L36prim
COSMIC FFP Dataset(1)
| Input: Entry, Exit, Read, Write
g = 7 § for k=1 to 11 or * (for k=1 to 16)

Dataset_S5 3 Z g' = Input: W(k)
Fuzzification (Entry, Exit, Read, Write)
= ! Hidden layer:
' Sigmoid: Y = 1+41;—X and Taguchi Orthogonal Array
- EstEffort:
0O — 1 - B 2
Sigmoid: EstEffort = 1+1_x and Taguchi Orthogonal Array
Output: EstEffort, Deviation, MRE.MMRE
next k;
next 1;
MMRE (%) Add:
Correlation,
61,62,43,64 Prediction,
61,62,63,54

Figure 19. Robust design algorithm for performing the experiment (COSMIC FFP).
Slika 19. Algoritam robusnog dizajna za izvodenje eksperimenta (COSMIC FFP).

Step 1: Input values are the data about particular project from the selected ISBSG
dataset and are represented by four parameters (Entry, Exit, Read, Write), which describe
the functional size.

Step 2: All input values are transformed according to the following formula:

The function up(X): R — [0, 1] , translates the real values of input signals into
coded values from the interval [0, 1], in the following way: up(X;) = (X;—Xmin)/ Xmax
—Xmin) (min-max normalization) [121], where D is the set of data on which the
experiment is performed, Xi is the input value, X, is the smallest input value, and X,ax
the greatest input value on the observed dataset.
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Step 3: The sigmoid function, as the activation function of the hidden layer was
used (31):

1
1+e”%i

Yi = ,i=1n 31)

The construction of the activation function is based on a combination of input
values and corresponding weight coefficients W; for each of the proposed ANN
architectures.

a) Hidden and output layer functions for ANN-L12 architecture, see Figure 17, Table 21
(75)-(77):

1

1= (75)

T 1+e—(X1W1+X2-W3+X3-W5+X4-W7)
1

2 = (76)

T 14e—X1TW2+X2:W4+X3 W6+X4W8)
(77)

1
+e—(YLW9+Y2-W10+1-W11)

EStEffortANN — L12 = -

where Y7 and Y are the hidden layer functions and EstEffortANN-L12 represents output
function.

b) Hidden and output layer functions for ANN-L36prim architecture, see Figure 18, Table
22 (78)-(81):

Y1= ! (78)

1+e—(X1'W1+X2-W4+X3-W7+X4-W10)

Y2 = ! (79)

1+e—(X1'W2+X2-W5+X3-W8+X4-W11)

1

Y3 = (80)

1+e—(X1'W3+X2-W6+X3-W9+X4-W12)

! 81
1+e—(YI'W13+Y2-W14+Y3-W15+1-W16) ( )

EstEffortANN — L36prim =

where Y7, Y2, and Yzare the hidden layer functions and EstEffortANN-L36prim represents
output function.

In the first proposed ANN-L12 architecture, an orthogonal vector plan of two
levels L1 and L2, and the initial values of the weighting factors W; that take the values
from the interval [-1, 1], were used. The second proposed architecture has an orthogonal
vector plan of three levels L1, L2, and L3, and the initial values of the weighting factors
Wi that takes the values from the interval [-1, 0, 1]. For each subsequent iteration, new
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weight factor values must be calculated as follows (e.g., for ANN-L12 architecture) [7],
[119] (82):

Wi-L1 = costl + cost2 + .. .4+cost6
Wi-L2 = cost7 + cost8 + .. .+cost12

Wi12:L1 = costl + cost5 + .. .+cost12
Wi2:-L2 = cost2 + cost3 +...+costll

where cost(/) =X MRE(ANN(?)) (82)
For each subsequent iteration, the interval [-1, 1] is divided depending on the cost
effect function as follows (83) [7], [119]:

Wi-L1new= Wi-L1old
Wi-L2Znew=WrL2o0ld+ (W1L20/d— W1-L1old)/2 (83)

where Wi-L1o/d and W1-L20/d are values form the previous iteration. The set of input
values of each dataset converges depending on the value of the cost effect function.

Step 4: Method of defuzzification was used according to the following formula
(84), (85) [122]:

Xi= (Xmin + ,UD(XL)) : (Xmax - Xmin) (84)
OA(ANNi) = Xi , where i = 12, i = 36. (85)

where OA represents actual effort of the particular project, that is calculated based on
ANN-L12 and ANN-L36prim.

Step 5: For each iteration in our experiment, the output values are obtained
according to the following formulas/measures [123] (65)-(70):

Deviation = |ActEf fort — EstEf fort| (65)

MAE; = -3, |ActEffort — EstEffort| (66)

MRE = Deviation/ActEffort (67)
1

MRE =~ - S, MRE (68)

MMRE = mean (MRE) (69)
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For each experimental part in every iteration, the Gradient Descent with the
condition GA<0.01 is monitored and calculated as [114], [115] (70):

GA = MRE;; — MRE;, < 0.01,
wherei =1,..,n nisanumber of ANN a Winner candidates. (70)

Step 6: Examination of the influence of input values on the change of MMRE
value (86)-(89):

1. The influence of the first input parameter (Entry) and its value on the change of MMRE
value is calculated as:

61 = mean(MMRE) — mean(MMRE))

where MMRE; is mean(MMRE) when X1=0; (86)

2. The influence of the second input parameter (Exit) and its value on the change of
MMRE value is calculated as:

62 = mean(MMRE) — mean(MMRE>)

where MMRE:; is mean(MMRE) when X2=0; (87)

3. The influence of the third input parameter (Read) and its value on the change of MMRE
value is calculated as:

63 = mean(MMRE) — mean(MMRE3)

where MMRE3 is mean(MMRE) when X3=0; (88)

4. The influence of the fourth input parameter (Write) and its value on the change of
MMRE value is calculated as:

64 = mean(MMRE) — mean(MMREjy)

where MMRE, is mean(MMRE) when X4=0; (89)
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Step 7: Correlation, Prediction

Pearson’s [124], Spearman’s [125] and R?[126] coefficients are monitored during
the experiment (73).

T\ (i = DO = 3)
P 023,00 972
Additionally, Prediction at 25%, 30%, and 50% is the percentage of the total
number of ANNs that meet the GA criterion (74) [127].

Correl(X,Y) =

(73)

n
1 1, if MRE < x
PRED (x)g Z{O otherwise

i=1
PRED(k) = count(MRE) < 25%
PRED(k) = count(MRE) < 30%
PRED(k) = count(MRE) < 50% , where k =25, k=30, and k = 50. (74)

The second and third parts of the experiment are executed in the same way as the
first part, with different projects and datasets being used. The second part uses the ISBSG
dataset, but with projects that were not used in the first part. In the third part, the
Desharnais dataset and combined dataset are used.

3.3 New, improved UCP model

As part of the UCP approach, an improved UCP modelproposed in the
dissertation. For the improved UCP model, the following architectures and corresponding
orthogonal vector plans L16 and L36prim are used:

1. UCP and ANN-L16

The first proposed architecture is ANN-L16. It consists of six input values, one
hidden layer with two nodes, one output, and the total number of fifteen weighting factors
(Wi, i=1,15) and their initial values are from the interval [-1, 1]. The Taguchi Orthogonal
Array used in the construction of this proposed architecture contains two levels L1 and
L2, see Figure 20, Table 25 [7], [8], [114]. Bias represents an additional weighting factor
to complete the selected orthogonal plan and has a value of 1.
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Table 25. Taguchi orthogonal vector plan (L16=2"5).

Tabela 25. Taguci ortogonalni vektorski plan (L16=2").

Al_lilz- Wi W: W3 W, Ws W W; W Wo Wi Wi Wi Wi Wi Wi
ANNI L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1 L1
ANN2 L1 L1 L1 L1 L1 L1 L1 L2 L2 L2 L2 L2 L2 L2 L2
ANN3 L1 L1 L1 L2 L2 L2 L2 L1 L1 L1 L1 L2 L2 L2 L2
ANN4 L1 L1 L1 L1 L2 L2 L2 L2 L2 L2 L2 L1 L1 L1 L1
ANNS L1 L2 L2 L1 L1 L2 L2 L1 L1 L2 L2 L1 L1 L2 L2
ANNG6 L1 L2 L2 L1 L1 L2 L2 L2 L2 LI L1 L2 L2 L1 L1
ANN7 L1 L2 L2 L2 L2 L1 L1 L1 L1 L2 L2 L2 L2 L1 L1
ANNS L1 L2 L2 L2 L2 L1 L1 L2 L2 L1 L1 L1 L1 L2 L2
ANN9 L2 L1 L2 L1 L2 L1 L2 L1 L2 L1 L2 L1 L2 L1 L2
ANNI10 L2 L1 L2 L1 L2 L1 L2 L2 LI L2 L1 L2 L1 L2 L1
ANNI11 L2 L1 L2 L2 L1 L2 L1 L1 L2 LI L2 L2 L1 L2 L1
ANNI12 L2 L1 L2 L2 L1 L2 L1 L2 LI L2 L1 L1 L2 L1 L2
ANN13 L2 L2 L1 L1 L2 L2 L1 L1 L2 L2 L1 LI L2 L2 L1
ANN14 L2 L2 L1 L1 L2 L2 L1 L2 LI L1 L2 L2 L1 L1 L2
ANNI15 L2 L2 L1 L2 L1 L1 L2 L1 L2 L2 L1 L2 L1 L1 L2
ANNI16 L2 L2 L1 L2 L1 L1 L2 L2 LI L1 L2 LI L2 L2 L1

Figure 20. ANN architecture with one hidden layer (ANN-L16).
Slika 20. ANN arhitektura sa jednim skrivenim slojem (ANN-L16).
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2. UCP and ANN-L36prim

The second proposed architecture is ANN-L36prim. It consists of four input
values, one hidden layer with three nodes, one output, and the total number of sixteen
weighting factors (Wi, i = 1, 16), their initial values are from the interval [-1, 0, 1]. The
Taguchi Orthogonal Array used in the construction of this proposed architecture is
combined, where the first eleven parameters and the last sixteenth parameter are with
three levels L1, L2, and L3, while the remaining four parameters are with two levels L1
and L2, see Figure 21, Table 26 [7], [8], [114]. Bias represents an additional weighting
factor to complete the selected orthogonal plan and has a value of 1.

Table 26. Taguchi orthogonal vector plan (L36prim=3!1243"),
Tabela 26. Taguci ortogonalni vektorski plan (L36prim=3'12431),

AIIV.?,]:- Wi W W; Wy Ws W W, Ws Wy Wio Wi Wiz Wis Wi Wis Wi
prim

ANN1 L1 L1 L1 L1 L1 L1 L1 L1 L1 LI LI L1 L1 L1 L1 L1
ANN2 L2 L2 L2 L2 L2 L2 L2 L2 L2 L2 L2 L2 L1 L1 L1 L1
ANN3 L3 L3 L3 L3 L3 L3 L3 L3 L3 L3 L3 L3 L1 L1 LI L1
ANN4 L1 L1 L1 L1 L2 L2 L2 L2 L3 L3 L3 L3 L1 L2 L2 L1
ANN35 L1 L1 L1 L1 L3 L3 L3 L3 L2 L2 L2 L2 L1 L2 L2 L1
ANN6 L3 L3 L3 L3 L1 L1 L1 L1 L2 L2 L2 L2 L1 L2 L2 L1
ANN7 L1 L1 L2 L3 L1 L2 L3 L3 L1 L1 L1 L3 L2 L1 L2 L1
ANNS L2 L2 L3 L1 L2 L3 L1 L1 L2 L3 L3 L1 L2 L1 L2 L1
ANN9 L3 L3 L1 L2 L3 L1 L2 L2 L3 LI LI L2 L2 L1 L2 L1
AT\(I)NI L1 L1 L3 L2 L1 L3 L2 L3 L2 L1 L3 L2 L2 L2 L1 L1
AT\iNl L2 L2 L1 L3 L2 L1 L3 L1 L3 L2 L1 L3 L2 L2 L1 L1
AT\;NI L3 L3 L2 L1 L3 L2 L1 L2 L1 L3 L2 L1 L2 L2 L1 L1
AT\;NI L1 L2 L3 L1 L3 L2 L1 L3 L3 L2 L1 L2 L1 L1 L1 L2
ATiNl L2 L3 L1 L2 L1 L3 L2 L1 L1 L3 L2 L3 L1 L1 LI L2
AT\;NI L3 L1 L2 L3 L2 L1 L3 L2 L2 L1 L3 L1 L1 L1 L1 L2
AT\éNl L1 L2 L3 L2 L1 L1 L3 L2 L3 L3 L2 L1 L1 L2 L2 L2
AT\;NI L2 L3 L1 L3 L2 L2 L1 L3 L1 L1 L3 L2 L1 L2 L2 L2
AT\éNl L3 L1 L2 L1 L3 L3 L2 L1 L2 L2 L1 L3 L1 L2 L2 L2
AT\;NI L1 L2 L1 L3 L3 L3 L1 L2 L2 L1 L2 L3 L2 L1 L2 L2
AT\(I)NZ L2 L3 L2 L1 L1 L1 L2 L3 L3 L2 L3 L1 L2 L1 L2 L2
AT\iNZ L3 L1 L3 L2 L2 L2 L3 L1 L1 L3 L1 L2 L2 L1 L2 L2
AT\;NZ L1 L2 L2 L3 L3 L1 L2 L1 L1 L3 L3 L2 L2 L2 L1 L2
AT\;NZ L2 L3 L3 L1 L1 L2 L3 L2 L2 L1 L1 L3 L2 L2 L1 L2
ATiNZ L3 L1 L1 L2 L2 L3 L1 L3 L3 L2 L2 L1 L2 L2 L1 L2
ANN2 L1 L3 L2 L1 L2 L3 L3 L1 L3 L1 L2 L2 LI L1 L1 L3
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6 L2 L1 L3 L2 L3 L1 L1 L2 L1 L2 L3 L3 L1 L1 L1 L3
AI\;NZ L3 L2 L1 L3 L1 L2 L2 L3 L2 L3 L1 L1 L1 L1 L1 L3
AI\;NZ L1 L3 L2 L2 L2 L1 L1 L3 L2 L3 L1 L3 L1 L2 L2 L3
AI\;NZ L2 L1 L3 L3 L3 L2 L2 L1 L3 L1 L2 L1 L1 L2 L2 L3
AI\(T)N3 L3 L2 L1 L1 L1 L3 L3 L2 L1 L2 L3 L2 L1 L2 L2 L3
AI\iN:{ L1 L3 L3 L3 L2 L3 L2 L2 L1 L2 L1 L1 L2 L1 L2 L3
AI\;N:{ L2 L1 L1 L1 L3 L1 L3 L3 L3 L3 L2 L2 L2 L1 L2 L3
AI\;N:{ L3 L2 L2 L2 L1 L2 L1 L1 L3 L1 L3 L3 L2 L1 L2 L3
AI:I‘N:{ L1 L3 L1 L2 L3 L2 L3 L1 L2 L2 L3 L1 L2 L2 L1 L3
AI\;N:{ L2 L1 L2 L3 L1 L3 L1 L2 L3 L3 L1 L2 L2 L2 L1 L3
ANNS3 L3 L2 L3 L1 L2 L1 L2 L3 L1 L1 L2 L3 L2 L2 L1 L3

Figure 21. ANN architecture with one hidden layer (ANN-L36prim).
Slika 21. ANN arhitektura sa jednim skrivenim slojem (ANN-L36prim).

The experiment presented in this paper consists of three parts:

1. Training of two different ANN architectures constructed according to the
corresponding Taguchi orthogonal vector plans (ANN-L16 and ANN36prim);

2. Testing on ANN "Winner", which gave the best results (the lowest MMRE value) in
the first part of the experiment, for two proposed architectures on the same dataset;

3. Validation on ANN "Winner" that gave the best results (the lowest MMRE value) in
the first part of the experiment, for each selected architecture, but using some other i.e.
different datasets.
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3.3.1 Data sets used in the UCP approach

For the first and second part of the experiment, the Use Case Point Benchmark
Dataset by Radek Silhavy (UCP Benchmark Dataset) [130] was used. In the third part,
different data sets were used, i.e. combined datasets composed of projects of different

industrial companies were used. The results in Table 27. indicate a more homogeneous

structure of the projects used in all three parts of the experiment. It is concluded based on
the standard deviation results presented in Table 28.

Table 27. Information on used datasets (UCP).

Tabela 27. Informacije o koris¢enim skupovima podataka (UCP).

Dataset Number of Experiment
projects
Dataset_1 UCP Benchmark Dataset 50 Training
Dataset 2 UCP Benchmark Dataset 21 Testing
Dataset 3 Combined 18 Validation1
Dataset 4 Combined Industrial projects 17 Validation2

Table 28. Basic statistics about dataset (UCP).
Tabela 28. Osnovni statisticki podaci o kori§¢enim skupovima podataka (UCP).

Datasets N Min Max Mean Std. deviation
[PM] [PM] [PM] [PM]
Dataset 1 50 5775.0 7970.0 6506.940 653.0308
Dataset 2 21 6162.6 6525.3 6393.993 118.1858
Dataset 3 18 2692.1 3246.6 2988.392 233.2270
Dataset 4 17 2176.0 3216.0 2589.400 352.0859

3.3.2 The methodology used within the improved UCP model

The appropriate methodology was selected for the experimental part in the UCP
approach based on several trial experiments. The order of the steps in the experiment was
constructed based on a robust design algorithm and it is shown in Figure 22.
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Dataset 1

Dataset 2
_ | MMRE(%)
Dataset 3 A | .

Dataset 4

0000000000
&

Figure 22. Robust design algorithm for performing the experiment (UCP).
Slika 22. Algoritam robusnog dizajna za izvodenje eksperimenta (UCP).

Step 1: Input layer

The input values of the first proposed architecture ANN-L16 are six input values,
four of which are independent: UAW, UUCW, TCF, and ECF and two dependent: UUCP 1
AUCP.

The input values of the second proposed architecture ANN-L36prim are four
independent input values: UAW, UUCW, TCF, and ECF.

Step 2: All input values are transformed according to the following formula:

The function up(X): R — [0, 1] , translates the real values of input signals into
coded values from the interval [0, 1], in the following way: up(X;) = (X;—Xmin)/ Xmax
—Xmin) (min-max normalization) [121], where D is the set of data on which the
experiment is performed, Xi is the input value, X, is the smallest input value, and Xax
the greatest input value on the observed dataset.

Step 3: The sigmoid function, as the activation function of the hidden layer was
used (31):

Yi=—=.,i=1n 31)

1+e~%i’

The construction of the activation function is based on a combination of input
values and corresponding weight coefficients W; for each of the proposed ANN

architectures.
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a) Hidden and output layer functions for ANN-L16 architecture, see Figure 20, Table 25
(90)-(92):

Y1 — 1/(1 _I_ e—(X1'W1+X2'W3+X3'W5+X4_'W7+X5'W9+X6'W11)) (90)
YZ — 1/(1 _|_ e—(X1'W2+X2'W4+X3'W6+X4'W8+X5'W10+X6'W12)) (91)
EStEffANN — L16 = 1/(1 + e~ (1 Was+Vz Wia+1W15)) (92)

where Y7, Y2, and Yz are the hidden layer functions and EstEffortANN-L16 represents
output function.

b) Hidden and output layer functions for ANN-L36prim architecture, see Figure 21, Table
26 (78)-(81):

1= L (78)

T 14e—X1TW1+X2:-W4+X3-W7+X4-W10)
1

2 = (79)

T 14e—X1TW2+X2:-W5+X3-W8+X4W11)
1

Y3 = (80)

T {+e—(X1W3+X2-W6+X3-W9+X4-W12)

! 81
+e—(Y1I'W13+Y2-W14+Y3-W15+1-W16) ( )

EstEffortANN — L36prim = T

where Y7, Y2, and Yzare the hidden layer functions and EstEffortANN-L36prim represents
output function.

In the first proposed ANN-L16 architecture, an orthogonal vector plan of two
levels L1 and L2, and the initial values of the weighting factors W; that take the values
from the interval [-1, 1], were used.

The second proposed architecture has an orthogonal vector plan of three levels L1,
L2, and L3, and the initial values of the weighting factors W; that take the values from the
interval [-1, 0, 1]. For each subsequent iteration, new weight factor values must be
calculated as follows (e.g., for ANN-L16 architecture) [7], [119] (93):

W;iL1 = costl + cost2 +...+cost8
W1L2 = cost9 + cost10 +...+cost1l6

WisL1 = costl + costb6 +.. .+costl6
WisL2 = cost2 + cost3 +...+costl5

where cost(/) =X MRE(ANN(i)) (93)

For each subsequent iteration, the interval [-1, 1] is divided depending on the cost
effect function as follows [7], [119] (94):
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WiL1new = W1L1old
WiL2new = W1L2o0ld + (W1L3o0ld - W1L2o0ld)/2
WiL3new = W1L3o0ld (94)

where W1L1lold, W1L2o0ld, and W1L3o0ld are values form the previous iteration. The set
of input values of each dataset converges depending on the value of the cost effect

function.

Step 4: Method of defuzzification was used according to the following formula
(84), (85) [122]:

Xi= (Xmin + ,UD(XL)) : (Xmax - Xmin) (84)
OA(ANNi) = Xi , where i = 16, i = 36. (85)

where OA represents actual effort of the particular project, that is calculated based on
ANN-L12 and ANN-L36prim.

Step 5: For each iteration in our experiment, the output values are obtained
according to the following formulas/measures [123] (65)-(70):

Deviation = |ActEf fort — EstEf fort| (65)

MAE; = -3, |ActEffort — EstEffort| (66)

MRE = Deviation/ActEffort (67)
1

MRE =~ - S, MRE (68)

MMRE = mean (MRE) (69)

For each of the experimental part in every iteration, the Gradient Descent is
monitored with the condition GA<0.01, calculated as [114], [115] (70):

GA = MRE;; — MRE;;, < 0.01, wherei =1,..,n nisanumber of ANN. (70)

Step 6: Influence of dependent variables UUCP and AUCP on the change of
MMRE value.

1. The influence of the input parameter UUCP and its value is calculated as (95):

61 =mean(MMRE) — mean(MMRE;/) (95)
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where MMRE; is mean(MMRE) when UUCP=0;
2. The influence of the input parameter AUCP and its value is calculated as (96):

52 = mean(MMRE) — mean(MMRE;) when AUCP=0; (96)

Step 7: Correlation, Prediction
Pearson’s [124], Spearman’s [125] and R?[126] coefficients are monitored during
the experiment (73).

TN (i =D —P)

Correl(X,Y) =
[Euim 925 e 92

(73)

Additionally, Prediction at 25%, 30%, and 50% is the percentage of the total
number of ANNs that meet the GA criterion (74) [127].

n
1 1, if MRE < x
PRED (x)g Z{O otherwise

i=1
PRED(k) = count(MRE) < 25%
PRED(k) = count(MRE) < 30%
PRED(k) = count(MRE) < 50% , where k =25, k=30, and k = 50. (74)

The second and third part are executed in the same way as the first part, with
different projects and datasets being used. The second part uses the also UCP Benchmark
(Mendeley) dataset, but with projects that were not used in the first part. In the third part,
the combined industrial datasets were used.
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three new, improved models

4.1 Obtained results using COCOMO2000 model and ANN

Within the first proposed, improved COCOMO2000 approach, four different
ANN architectures based on Taguchi's orthogonal vector plans were used, designated as
ANN-L9, ANN-L18, ANN-L27, and ANN-L36. In the first part of the experiment -
training these ANN architectures, the used COCOMO2000 data set was divided into three
clusters, according to the value of actual effort: small, medium, and large.

- Small cluster (Actual Effort <SOPM);

- Medium cluster (5S0PM<Actual Effort<500PM);

- Large cluster (Actual Effort>=500PM).

Table 29. shows the results obtained by training the first proposed ANN-L9
architecture on a small cluster. In addition to examining the MRE values for each of the
nine ANN architecture candidates, the GA criterion was also monitored. Based on all
MRE values in each performed iteration, the "Winner" network was determined, i.e., the
ANN network with the lowest MRE value (the ANN with the best performances).
Additionally, the MMRE value was calculated for each iteration. The obtained value of
the "Winner" network (ANNDO) is 80.7%, and the value of MMRE is 81.1%. The required
GA criterion was met after seven iterations.

Table 29. ANN-L9 results of training part on small cluster.
Tabela 29. Rezultati treniranja ANN-L9 nad malim klasterom.

No.of
Iter.

ANN-
L9

ANNI1 0903  0.903 0.853 0.049  0.827 0.026 0.816 0.011 0.812 0.005 0.809  0.002  0.808 0.001
ANN2 1.038 1.038 0932  0.107 0.871 0.061 0.839 0.032 0.823 0.016 0.815 0.008  0.811 0.004
ANN3 1.278 1.278 1.038  0.240  0.918 0.121 0.862 0.055 0.835 0.028 0.821 0.014  0.814 0.007
ANN4 1.258 1.258 1.038 0219 0919 0.120 0.863 0.056 0.835 0.028 0.821 0.014  0.814 0.007
ANN5  0.857  0.857 0.829  0.028  0.817 0.012 0.812 0.005 0.810 0.002 0.808  0.001 0.808 0.001
ANNG6 1.038 1.038 0917  0.121  0.862 0.055 0.834 0.028 0.821 0.014 0.814  0.007  0.811 0.003
ANN7 1.038 1.038 0922  0.117  0.864 0.057 0.836 0.029 0.821 0.014 0.814  0.007  0.811 0.004
ANNS8 1.316 1.316 1.038  0.277 0913 0.126 0.859 0.053 0.833 0.026 0.820 0.013 0814 0.006
ANN9  0.809  0.809 0.808  0.001 0.808 0.001 0.807 0.000 0.807 0.000 0.807  0.000  0.807 0.000

MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA

GA 9 8 8 7 6 3 0
Winner  80.9% 80.8% 80.8% 80.7% 80.7% 80.7% 80.7%
MMRE  106% 93.1% 86.6% 83.7% 82.2% 81.4% 81.1%
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Table 30. shows the results obtained by training the first proposed ANN-L9
architecture on the medium cluster. In addition to examining the MRE values for each of
the nine ANN architecture candidates, the GA criterion was also monitored. Based on all
MRE values in each performed iteration, the "Winner" network was determined, i.e., the
ANN network with the lowest MRE value. Additionally, the MMRE value was calculated
for each iteration. The obtained value of the "Winner" network (ANNDO) is 49.4%, and the
value of MMRE is 49.8%. The required GA criterion was met after six iterations.

Table 30. ANN-L9 results of training part on medium cluster.
Tabela 30. Rezultati treniranja ANN-L9 nad srednjim klasterom.

No. of
Iter. 1 2 3 4. 5 6.
Al:;v B MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA

ANNI1 0.544 0.544 0.515 0.029 0.504 0.011 0.499 0.005 0.497 0.002 0.495 0.001
ANN2 0.612 0.612 0.558 0.054 0.524 0.034 0.508 0.016 0.501 0.007 0.498 0.003
ANN3 0.729 0.729 0.612 0.117 0.550 0.062 0.519 0.031 0.506 0.013 0.505 0.001
ANN4 0.718 0.718 0.612 0.106 0.551 0.061 0.519 0.031 0.506 0.013 0.500 0.006
ANNS 0.514 0.514 0.503 0.010 0.499 0.005 0.496 0.002 0.495 0.001 0.495 0.001
ANNG6 0.612 0.612 0.551 0.061 0.519 0.032 0.506 0.013 0.500 0.006 0.497 0.003
ANN7 0.612 0.612 0.551 0.061 0.520 0.031 0.507 0.013 0.500 0.006 0.497 0.003
ANNS 0.751 0.751 0.612 0.139 0.548 0.064 0.517 0.030 0.505 0.012 0.500 0.006
ANN9 0.495 0.495 0.495 0.000 0.495 0.000 0.494 0.000 0.494 0.000 0.494 0.000

GA 9 8 7 6 3 0
Winner  49.5% 49.5% 49.5% 49.4% 49.4% 49.4%
MMRE 62.1% 55.7% 52.3% 50.7% 50.1% 49.8%

Table 31. shows the results obtained by training the first proposed ANN-L9
architecture on a large cluster. In addition to examining the MRE values for each of the
nine ANN architecture candidates, the GA criterion was also monitored. Based on all
MRE values in each executed iteration, the "Winner" network is determined, i.e., the ANN
network with the lowest MRE value. Additionally, the MMRE value was calculated for
each iteration. The obtained value of the "Winner" network (ANND9) is 206.9%, and the
value of MMRE is 207.6%. The required GA criterion was met after eight iterations.
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No. of

Table 31. ANN-L9 results of training part on large cluster.
Tabela 31. Rezultati treniranja ANN-L9 nad velikim klasterom.

o 1. 2. 5. 6. 8.
Al]\gq . MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA
ANNI 2683 2683 2204 0163 2132 0072 2100 0033 2084 0016 2076 0008 2073 0004 2071  0.002
ANN2 3224 3224 2426 0328 2248 0178 2158 0090 2113 0045 2091 002 2080 0011 2074  0.006
ANN3 4031 4031 2670 0554 2371 0299 2219 0152 2143 0076 2106 0037 2104 0002 2098  0.006
ANN4 4028 4028 2670 0554 2371 0299 2219 0152 2143 0076 2106 0037 2087 0018 2078  0.009
ANNS 2311 2311 2107 0072 2094 0013 2081 0013 2075 0006 2072 0003 2070 0002 2070  0.001
ANN6 3224 3224 2390 0294 2230 016l 2149 0081 2109 0040 2089 002 2079 0010 2074  0.005
ANN7 3224 3224 2393 0263 2213 0180 2140 0073 2104 0036 2087 0018 2078 0009 2073  0.004
ANNS 4248 4248 2646 0578 2355 0202 2210 0145 2138 0072 2104 0035 2086 0017 2078  0.009
ANN9 2116 2116 2080 0011 2074 0006 2072 0003 2070 0001 2070 0001 2069 0000 2069  0.000

GA 9 9 8 8 7 6 3 0

Winner  211.6% 208.0% 207.4% 207.2% 207.0% 207.0% 206.9% 206.9%

MMRE  323.2% 239.9% 223.2% 215.0% 2109% 208.9% 208.1% 207.6%

Figure 23. presents the MMRE results for all three clusters on which the ANN-L9
training procedure was performed using the COCOMO2000 dataset. It can be concluded
that the value of MMRE is the lowest on a small cluster (49.8%) and the highest on a large
cluster (207.6%). Figure 24. presents the MMRE results for the obtained "Winner"
network on all three clusters. The ANN-L9 training procedure was performed using the
COCOMO2000 dataset. It can be concluded that the value of MMRE "Winner" is the
lowest on a small cluster after seven iterations (49.4%) and the highest on a large cluster
after the eight iterations (206.9%).
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MMRE(%) ANN-L9
350,0% 323,2%
300,0%
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Figure 23. MMRE results in three parts of the experiment for all clusters (ANN-L9).
Slika 23. Rezultati vrednosti MMRE u sva tri dela eksperimenta nad svim klasterima
(ANN-L9).

MMRE(%) - Winner ANN9

- 211,6%  2080%  2074%  207,2%  207,0% 2070%  206,9%  206,9%
200,0%
~
S
T 1500% 80.9% ¥ 80,8%  J80.8% | §80,7%  N80,7% | 1§ 80.7% = 080.7%
g 100,0% 9,5 9,5 9,5 \4 9.4 9,4 9.4

50,0%

0,0%

1 2 3 4 5 6 7 8

No. of Iteration

mSmall cluster = Medium cluster = Large cluster

Figure 24. MMRE for “Winner” ANN9 (ANN-L9).
Slika 24. MMRE vrednosti za “Winner” ANN9 (ANN-L9).

Table 32. shows the results obtained by training the second proposed ANN-L18
architecture on a small cluster. In addition to examining the MRE values for each of the
18 ANNSs, the GA criterion was also monitored. Based on all MRE values in each executed
iteration, the "Winner" network is determined, i.e., the ANN network with the lowest
MRE value. Additionally, the MMRE value was calculated for each iteration. The
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obtained value of the "Winner" network (ANNS) is 63.3%, and the value of MMRE is
63.7%. The required GA criterion was met after six iterations.

Table 32. ANN-L18 results of training part on small cluster.
Tabela 32. Rezultati treniranja ANN-L18 nad malim klasterom.

No. of
Iter.

ANN-
L18

ANNI1 0.693 0.693 0.660 0.033 0.643 0.017 0.642 0.001 0.635 0.008 0.634 0.001

MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA

ANN2 0.906 0.906 0.742 0.164 0.677 0.065 0.652 0.025 0.642 0.011 0.637 0.004
ANN3 1.400 1.400 0.906 0.494 0.730 0.176 0.672 0.058 0.649 0.023 0.641 0.008
ANN4 1.101 1.101 0.906 0.195 0.737 0.169 0.679 0.058 0.650 0.028 0.641 0.009
ANNS 0.670 0.670 0.648 0.022 0.639 0.009 0.635 0.004 0.634 0.001 0.633 0.001
ANNG6 0.906 0.906 0.730 0.176 0.670 0.060 0.648 0.022 0.640 0.008 0.636 0.004
ANN7 1.146 1.146 0.823 0.324 0.703 0.119 0.665 0.038 0.642 0.024 0.639 0.003
ANNS 0.857 0.857 0.722 0.135 0.670 0.052 0.648 0.021 0.640 0.008 0.636 0.004

ANN9 0.744 0.744 0.681 0.063 0.654 0.027 0.644 0.010 0.637 0.006 0.635 0.002

ANNI10 0.742 0.742 0.680 0.063 0.653 0.027 0.645 0.008 0.641 0.004 0.635 0.006

ANNI11 1.119 1.119 0.819 0.300 0.701 0.118 0.665 0.036 0.645 0.020 0.639 0.006

ANNI12 0.867 0.867 0.732 0.135 0.674 0.058 0.651 0.023 0.641 0.010 0.637 0.004

ANNI13 1.106 1.106 0.809 0.297 0.698 0.110 0.664 0.035 0.645 0.018 0.639 0.006

ANN14 0.934 0.934 0.739 0.195 0.674 0.065 0.650 0.025 0.641 0.009 0.637 0.004

ANNIS 0.768 0.768 0.682 0.085 0.652 0.030 0.643 0.009 0.637 0.006 0.635 0.003

ANNI16 0.766 0.766 0.685 0.081 0.655 0.030 0.645 0.009 0.638 0.008 0.635 0.002

ANN17 1.113 1.113 0.814 0.299 0.700 0.114 0.663 0.036 0.645 0.018 0.639 0.006

ANNI18 0.913 0.913 0.729 0.184 0.670 0.059 0.647 0.022 0.640 0.007 0.636 0.004

GA 18 18 17 12 7 0
Winner 67.0% 64.8% 63.9% 63.5% 63.4% 63.3%
MMRE 93.0% 75.0% 67.8% 65.3% 64.1% 63.7%

Table 33. shows the results obtained by training the second proposed ANN-L18
architecture on the medium cluster. In addition to examining the MRE values for each of
the 18 ANNSs, the GA criterion was also monitored. Based on all MRE values in each
executed iteration, the "Winner" network is determined, i.e., the ANN network with the
lowest MRE value. Additionally, the MMRE value was calculated for each iteration. The
obtained value of the "Winner" network (ANNS) is 44.6%, and the value of MMRE is
44.8%. The required GA criterion was met after six iterations.
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No. of

Table 33. ANN-L18 results of training part on medium cluster.

Tabela 33. Rezultati treniranja ANN-L18 nad srednjim klasterom.

- © L 2 3. 4. 5. 6.
Alljlg' MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA
ANNI 0487 0487 0458 0029 0450 0008 0449 0000 0447 0003 0446  0.000
ANN2 0612 0612 0513 0099 0471 0042 0457 0014 0450  0.006 0448  0.002
ANN3 0854 0854 0612 0242 0504 0109 0468 0036 0454 0013 0450  0.004
ANN4 0718 0718 0612 0106 0507 0105 0471 0036 0455 0016 0450  0.005
ANNS 0469 0469 0455 0014 0449 0005 0447 0002 0446 0001 0446  0.000
ANN6 0612 0612 0505 0107 0503 0003 0454 0049 0450  0.004 0448  0.002
ANN7 0767 0767 0566 0201 0488 0078 0463 0025 0450 0012 0449 0.0
ANNS 0568 0568 0496 0073 0465 0031 0453 0011 0450 0004 0448  0.002
ANNO 0518 0518 0474 0044 0457 0016 0452 0006 0448 0003 0447 0.0
ANNIO 0519 0519 0473 0046 0457 0016 0452 0005 0450 0002 0447  0.003
ANNII 0725 0725 0562 0163 0487 0075 0463 0024 0452 0011 0449  0.003
ANNI2 0578 0578 0505 0074 0469 0036 0456 0013 0450 0005 0448  0.002
ANNI3 0726 0726 0556  0.171 0485 0071 0462 0023 0452 0010 0449  0.003
ANNI4 0628 0628 0510 0119 0469 0041 0455 0014 0450 0004 0448  0.002
ANNIS 0525 0525 0473 0052 0456 0017 0451 0005 0448 0003 0447  0.001
ANN16 0.526 0.526 0.473 0.053 0.457 0.016 0.452 0.005 0.448 0.004 0.447 0.001
ANNI7 0737 0737 0557 080 0485 0072 0462 0023 0452 0010 0449  0.003
ANNIS 0604 0604 0500 0105 0465 0035 0453 0012 0450 0003 0448  0.002

GA 18 18 15 12 4 0

Winer  46.9% 455% 44.9% 44.7% 44.6% 44.6%

MMRE  62.1% 51.7% 473% 45.7% 45.0% 44.8%

Table 34. shows the results obtained by training the second proposed ANN-L18

architecture on a large cluster. In addition to examining the MRE values for each of the

18 ANNSs, the GA criterion was also monitored. Based on all MRE values in each executed

iteration, the "Winner" network is determined, i.e., the ANN network with the lowest
MRE value. Additionally, the MMRE value was calculated for each iteration. The
obtained value of the "Winner" network (ANNY) is 137.0%, and the value of MMRE is
137.3%. The required GA criterion was met after nine iterations.
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Table 34. ANN-L18 results of training part on large cluster.
Tabela 34. Rezultati treniranja ANN-L18 nad velikim klasterom.

No. of
Iter.

AS]:- MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA

ANN1 2.174 2.174 1.752 0.422 1.542 0.210 1.522 0.021 1.404 0.118 1.382 0.022 1.375 0.007 1.372 0.004 1.371 0.001

ANN2 3.220 3.220 2379 0.841 1.867 0.512 1.644 0.223 1.482 0.162 1421 0.061 1.384 0.037 1377 0.007 1.373 0.004

ANN3 4.752 4.752 3.220 1.532 2.255 0.965 1.819 0.436 1.565 0.254 1.461 0.104 1.392 0.069 1.381 0.010 1.375 0.006

ANN4 4.024 4.024 3.220 0.804 2.278 0.942 1.824 0.454 1.573 0.252 1.465 0.108 1.395 0.070 1.382 0.013 1376 0.006

ANNS 1.704 1.704 1.520 0.184 1.441 0.080 1.404 0.037 1.382 0.022 1371 0.011 1.371 0.000 1.370 0.000 1.370 0.001

ANN6 3.220 3.220 2322 0.898 2273 0.049 1.603 0.671 1.474 0.128 1.417 0.057 1.383 0.034 1.376 0.007 1.373 0.003

ANN7 4.361 4.361 2.837 1.523 2.051 0.787 1.714 0.337 1.471 0.243 1.439 0.032 1.388 0.051 1.379 0.009 1.374 0.005

ANNS 2.789 2.789 2.162 0.626 1.770 0.392 1.567 0.204 1.463 0.104 1411 0.051 1.382 0.030 1375 0.006 1.372 0.003

ANN9 2.443 2443 1.875 0.569 1.608 0.266 1.494 0.114 1.424 0.070 1.392 0.032 1.377 0.015 1.373 0.004 1371 0.002

ANNI0 2.498 2.498 1.908 0.590 1.625 0.283 1.539 0.086 1.468 0.071 1416 0.053 1.378 0.038 1373 0.005 1.371 0.002

ANNI1 4.037 4.037 2.783 1.254 2.045 0.738 1.748 0.297 1.520 0.228 1.439 0.081 1.389 0.050 1.379 0.011 1.374 0.005

ANNI2 2.874 2.874 2.265 0.610 1.828 0.437 1.623 0.204 1.476 0.147 1.418 0.058 1.384 0.034 1.376 0.008 1.373 0.003

ANNI3 4.087 4.087 2.740 1.347 2.015 0.725 1.688 0.327 1.513 0.175 1.459 0.054 1.389 0.071 1.378 0.010 1.374 0.005

ANN14 3.367 3.367 2327 1.040 1.821 0.505 1.596 0.225 1.470 0.126 1415 0.055 1.382 0.033 1.376 0.006 1.373 0.003

ANNIS 2.379 2379 1.836 0.544 1.588 0.247 1.486 0.102 1.417 0.069 1.389 0.029 1.376 0.013 1.373 0.003 1.371 0.002

ANNI16 2.435 2435 1.833 0.602 1.581 0.251 1.497 0.084 1.415 0.083 1.387 0.027 1.375 0.012 1372 0.003 1.371 0.002

ANN17 4.173 4.173 2.735 1.438 2.002 0.733 1.677 0.325 1.509 0.168 1.434 0.075 1.387 0.047 1.378 0.009 1.374 0.004

ANNI8 3.020 3.020 2.163 0.857 1.748 0.416 1.559 0.189 1.454 0.105 1.407 0.047 1.380 0.027 1.375 0.006 1.372 0.003

GA 18 18 18 18 18 18 16 4 0
Winner 170.4% 152.0% 144.1% 140.4% 138.2% 137.1% 137.1% 137.0% 137.0%
MMRE 319.8% 232.6% 1852% 161.1% 147.1% 141.8% 138.3% 137.6% 137.3%

Figure 25. presents the MMRE results for all three clusters on which the ANN-
L18 training procedure was performed using the COCOMO2000 dataset. It can be
concluded that the value of MMRE is the lowest on a small cluster (44.6%) and the highest
on a large cluster (137.0%). Figure 26. presents the MMRE results for the obtained
"Winner" network on all three clusters on which the ANN-L18 training procedure was
performed using the COCOMO2000 dataset. It can be concluded that the value of MMRE
"Winner" is the lowest on a small cluster after the sixth iteration (44.8%) and the highest
on a large cluster after the ninth iteration (137.3%).
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Figure 25. MMRE results in three parts of the experiment for all clusters (ANN-L18).
Slika 25. Rezultati vrednosti MMRE u sva tri dela eksperimenta nad svim klasterima

(ANN-L18).
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Figure 26. MMRE for “Winner” ANNS5 (ANN-L18).
Slika 26. MMRE vrednosti za “Winner” ANNS (ANN-L18).

Table 35. shows the results obtained by training the third proposed ANN-L27
architecture on a small cluster. In addition to examining the MRE values for each of the
27 ANNSs, the GA criterion was also monitored. Based on all MRE values in each executed
iteration, the "Winner" network is determined, i.e., the ANN network with the lowest
MRE value. Additionally, the MMRE value was calculated for each iteration. The
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obtained value of the "Winner" network (ANNS5) is 59.8%, and the value of MMRE is
60.4%. The required GA criterion was met after six iterations.

Table 35. ANN-L27 results of training part on small cluster.
Tabela 35. Rezultati treniranja ANN-L27 nad malim klasterom.

No. of

Iter. 1 2 3 4. 5 6.
AII:;I;J_ MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA
ANNI1 0.631 0.631 0.621 0.010 0.614 0.007 0.611 0.003 0.605 0.006 0.604 0.001
ANN2 0.938 0.938  0.699 0.239 0.639 0.060 0.618 0.021 0.601 0.007 0.601 0.000
ANN3 1.929 1.929 1.628 0.301 0.750 0.878 0.654 0.096 0.620 0.004 0.607 0.000
ANN4 1.777 1.777 1.043 0.734 0.725 0.318 0.649 0.076 0.624 0.025 0.609 0.002
ANNS 0.612 0.612  0.610 0.002 0.610 0.000 0.609 0.001 0.607 0.002 0.598 0.009
ANNG6 0.775 0.775  0.657 0.119 0.623 0.034 0.613 0.010 0.601 0.012 0.602 0.001
ANN7 1.156 1.156  0.766 0.390 0.657 0.109 0.627 0.030 0.611 0.015 0.605 0.006
ANNS 1.649 1.649 0938 0.711 0.697 0.240 0.640 0.057 0.621 0.019 0.606 0.001
ANN9 0.621 0.621 0.617 0.004 0.614 0.003 0.611 0.003 0.602 0.009 0.605 0.002
ANNI10 1.509 1.509  0.858 0.651 0.678 0.180 0.634 0.044 0.621 0.013 0.605 0.001
ANNI11 0.673 0.673  0.634 0.039 0.617 0.017 0.612 0.004 0.603 0.009 0.603 0.000
ANNI12 0.981 0.981 0.722 0.259 0.647 0.075 0.622 0.025 0.612 0.009 0.605 0.007
ANN13 0.747 0.747  0.661 0.086 0.626 0.035 0.614 0.012 0.606 0.009 0.602 0.004
ANN14 1.151 1.151 0.736 0.414 0.646 0.091 0.621 0.025 0.599 0.022 0.601 0.002
ANNI15 0.908 0.908  0.690 0.218 0.639 0.051 0.619 0.020 0.601 0.018 0.602 0.001
ANN16 0.751 0.751 0.661 0.090 0.630 0.032 0.616 0.013 0.606 0.010 0.603 0.004
ANN17 1.158 1.158  0.762 0.396 0.657 0.105 0.626 0.030 0.610 0.017 0.604 0.005
ANNI18 0.900 0.900  0.691 0.208 0.636 0.005 0.617 0.019 0.604 0.013 0.603 0.001
ANNI19 1.026 1.026  0.710 0.316 0.641 0.069 0.618 0.022 0.601 0.017 0.602 0.001
ANN20 1.465 1465  0.854 0.611 0.767 0.086 0.634 0.133 0.617 0.017 0.606 0.001
ANN21 0.668 0.668  0.635 0.033 0.617 0.018 0.612 0.004 0.606 0.006 0.603 0.004
ANN22 0.952 0952  0.720 0.232 0.650 0.069 0.624 0.027 0.611 0.003 0.605 0.006
ANN23 0.711 0.711 0.654 0.057 0.627 0.027 0.616 0.001 0.614 0.002 0.604 0.001
ANN24 1.169 1.169  0.767 0.402 0.657 0.110 0.626 0.031 0.605 0.001 0.606 0.001
ANN25 0.919 0919  0.694 0.225 0.635 0.059 0.617 0.001 0.601 0.001 0.601 0.000
ANN26 0.775 0.775  0.669 0.106 0.631 0.038 0.617 0.014 0.604 0.000 0.603 0.000
ANN27 1.102 1.102  0.733 0.369 0.650 0.083 0.623 0.026 0.606 0.000 0.602 0.000
GA 27 24 23 19 12 0

Winner 61.2% 61.0% 61.0% 60.9% 59.9% 59.8%

MMRE  102.4% 75.7% 67.4% 64.5% 63.0% 60.4%

Table 36. shows the results obtained by training the third proposed ANN-L27
architecture on the medium cluster. In addition to examining the MRE values for each of
the 27 ANNSs, the GA criterion was also monitored. Based on all MRE values in each
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executed iteration, the "Winner" network is determined, i.e., the ANN network with the
lowest MRE value. Additionally, the MMRE value was calculated for each iteration. The
obtained value of the "Winner" network (ANNS) is 43.2%, and the value of MMRE is

43.3%. The required GA criterion was met after five iterations.

Table 36. ANN-L27 results of training part on medium cluster.
Tabela 36. Rezultati treniranja ANN-L27 nad srednjim klasterom.

No. of
Iter.
ALNZI;I_ MRE GA MRE GA MRE GA MRE GA MRE GA
ANNI1 0.442 0.442 0.439 0.003 0.436 0.003 0.435 0.001 0.434 0.001
ANN2 0.612 0.612 0.473 0.139 0.441 0.032 0.434 0.007 0.433 0.001
ANN3 1.121 1.121 0.701 0.420 0.489 0.213 0.444 0.044 0.436 0.009
ANN4 1.057 1.057 0.654 0.403 0.480 0.174 0.443 0.037 0.435 0.008
ANNS 0.444 0.444 0.438 0.006 0.436 0.001 0.435 0.001 0.434 0.001
ANN6 0.529 0.529 0.451 0.077 0.435 0.017 0.433 0.002 0.433 0.000
ANN7 0.714 0.714 0.497 0.217 0.448 0.049 0.435 0.013 0.435 0.001
ANNS 1.020 1.020 0.612 0.407 0.468 0.144 0.440 0.028 0.434 0.006
ANN9 0.449 0.449 0.439 0.010 0.436 0.003 0.435 0.000 0.434 0.001
ANNI10 0.930 0.930 0.557 0.374 0.455 0.102 0.436 0.019 0.433 0.003
ANNI11 0.455 0.455 0.442 0.013 0.436 0.006 0.434 0.002 0.433 0.001
ANNI12 0.627 0.627 0.482 0.145 0.444 0.038 0.435 0.009 0.433 0.002
ANNI3 0.502 0.502 0.456 0.045 0.440 0.017 0.435 0.005 0.434 0.001
ANN14 0.725 0.725 0.492 0.232 0.445 0.047 0.435 0.011 0.433 0.002
ANN15 0.605 0.605 0.464 0.141 0.438 0.026 0.436 0.002 0.434 0.003
ANN16 0.502 0.502 0.452 0.051 0.435 0.017 0.433 0.002 0.433 0.000
ANN17 0.754 0.754 0.504 0.250 0.448 0.056 0.435 0.012 0.433 0.002
ANNI18 0.583 0.583 0.470 0.113 0.441 0.029 0.435 0.007 0.433 0.002
ANN19 0.697 0.697 0.479 0.217 0.440 0.039 0.433 0.007 0.432 0.001
ANN20 0.894 0.894 0.551 0.343 0.455 0.096 0.436 0.019 0.433 0.003
ANN21 0.452 0.452 0.444 0.007 0.437 0.007 0.435 0.003 0.434 0.001
ANN22 0.629 0.629 0.481 0.148 0.442 0.039 0.434 0.009 0.433 0.001
ANN23 0.479 0.479 0.452 0.027 0.437 0.015 0.433 0.003 0.433 0.001
ANN24 0.751 0.751 0.511 0.240 0.449 0.062 0.435 0.015 0.433 0.001
ANN25 0.594 0.594 0.473 0.121 0.443 0.030 0.436 0.007 0.434 0.002
ANN26 0.529 0.529 0.456 0.073 0.437 0.019 0.434 0.004 0.433 0.001
ANN27 0.690 0.690 0.487 0.203 0.444 0.044 0.434 0.010 0.433 0.000
GA 27 24 22 9 0

Winner 44.2% 43.8% 43.5% 43.3% 43.2%

MMRE 65.9% 49.5% 44.6% 43.5% 43.3%
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Table 37. shows the results obtained by training the third proposed ANN-L27

architecture on a large cluster. In addition to examining the MRE values for each of the
27 ANN architecture candidates, the GA criterion was also monitored. Based on all MRE
values in each executed iteration, the "Winner" network is determined, i.e., the ANN
network with the lowest MRE value. Additionally, the MMRE value was calculated for
each iteration. The obtained value of the "Winner" network (ANNS) is 48.8%, and the
value of MMRE is 49.0%. The required GA criterion was met after eight iterations.

Tabela 37. Rezultati treniranja ANN-L27 nad velikim klasterom.

Table 37. ANN-L27 results of training part on large cluster.

l:;';:f 1. 2. 3. 4. 6. 7. 8.
ASI;" MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA
ANNI1 0.812 0.812 0.582 0.230 0.525 0.057 0.502 0.022 0.494 0.009 0.490 0.003 0.489 0.002 0.488 0.001
ANN2 3.343 3.343 1.323 2.020 0.688 0.635 0.572 0.117 0.524 0.048 0.503 0.021 0.494 0.008 0.491 0.004
ANN3 6.378 6.378 3.343 3.035 1.118 2.225 0.687 0.432 0.560 0.127 0.519 0.041 0.501 0.018 0.494 0.007
ANN4 6.115 6.115 2.871 3.245 1.043 1.827 0.654 0.390 0.550 0.104 0514 0.035 0.499 0.015 0.493 0.006
ANNS 0.973 0.973 0.677 0.296 0.567 0.109 0.522 0.045 0.502 0.020 0.494 0.008 0.490 0.004 0.489 0.002
ANNG6 2.610 2,610 0.996 1.614 0.642 0.354 0.547 0.095 0.513 0.034 0.499 0.015 0.493 0.006 0.491 0.002
ANN7 4.052 4.052 1.485 2.567 0.757 0.728 0.577 0.180 0.526 0.051 0.504 0.022 0.495 0.009 0.491 0.004
ANNS 5.958 5.958 2353 3.605 0.909 1.443 0.616 0.293 0.538 0.078 0.509 0.029 0.500 0.009 0.492 0.008
ANN9 0.650 0.650 0.559 0.091 0.521 0.039 0.501 0.019 0.494 0.007 0.490 0.004 0.489 0.002 0.488 0.001
ANNI0 5.445 5.445 1.973 3472 0.836 1.136 0.597 0.239 0.533 0.065 0.507 0.026 0.496 0.011 0.491 0.005
ANNI11 1.776 1.776 0.852 0.924 0.607 0.245 0.538 0.069 0.509 0.029 0.497 0.012 0.492 0.005 0.489 0.002
ANNI12 3414 3.414 1.236 2177 0.704 0.533 0.564 0.140 0.521 0.044 0.501 0.019 0.494 0.008 0.490 0.004
ANNI13 2.150 2.150 0.921 1.229 0.623 0.298 0.541 0.081 0.511 0.031 0.498 0.013 0.492 0.005 0.490 0.003
ANN14 4.191 4.191 1.397 2.794 0.734 0.663 0.569 0.165 0.522 0.046 0.502 0.020 0.494 0.008 0.490 0.004
ANNIS 3.410 3.410 1.312 2.098 0.721 0.590 0.568 0.153 0.522 0.046 0.502 0.020 0.494 0.008 0.490 0.004
ANNI16 2.201 2.201 1.009 1.192 0.653 0.356 0.552 0.101 0.516 0.036 0.499 0.016 0.493 0.006 0.490 0.003
ANNI17 4473 4.473 1.601 2.872 0.778 0.824 0.582 0.196 0.516 0.066 0.505 0.011 0.495 0.009 0.491 0.004
ANNI8 3.055 3.055 1.089 1.966 0.582 0.507 0.553 0.029 0.516 0.037 0.500 0.016 0.493 0.006 0.490 0.003
ANNI19 4.050 4.050 1.285 2.765 0.698 0.587 0.560 0.138 0518 0.041 0.500 0.018 0.493 0.007 0.490 0.003
ANN20 5.232 5.232 1.837 3.395 0.814 1.023 0.591 0.224 0.530 0.061 0.506 0.024 0.496 0.010 0.491 0.004
ANN21 1.503 1.503 0.797 0.706 0.592 0.205 0.532 0.060 0.507 0.025 0.496 0.011 0.491 0.005 0.489 0.002
ANN22 3.555 3.555 1.346 2210 0.728 0.617 0.570 0.158 0.523 0.047 0.503 0.021 0.494 0.008 0.491 0.004
ANN23 1.860 1.860 0.902 0.958 0.624 0.278 0.543 0.081 0.512 0.031 0.498 0.014 0.492 0.006 0.490 0.003
ANN24 4.406 4.406 1.444 2.962 0.744 0.700 0.571 0.173 0.523 0.048 0.503 0.021 0.494 0.008 0.491 0.004
ANN25 3.115 3.115 1.055 2.060 0.654 0.401 0.548 0.106 0.513 0.034 0.499 0.015 0.493 0.006 0.490 0.003
ANN26 2.610 2.610 1.018 1.593 0.644 0.373 0.548 0.097 0.513 0.034 0.498 0.015 0.493 0.006 0.490 0.003
ANN27 3.987 3.987 1.459 2.528 0.754 0.705 0.575 0.179 0.525 0.050 0.503 0.021 0.495 0.009 0.491 0.004
GA 27 27 27 27 25 24 4 0
Winner ~ 65.0% 55.9% 52.1% 50.1% 49.4% 49.0% 48.9% 48.8%
MMRE  3382% 136.0% 71.3% 56.6% 52.0% 50.1% 49.3% 49.0%
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MMRE(%)

Figure 27. presents the MMRE results for all three clusters on which the ANN-
L27 training procedure was performed using the COCOMO2000 dataset. It can be
concluded that the value of MMRE is the lowest in the medium cluster (43.3%) and the
highest in the small cluster (60.4%). Figure 28. presents the MMRE results for the
obtained "Winner" network on all three clusters on which the ANN-L27 training
procedure was performed using the COCOMO2000 dataset. It can be concluded that the
value of MMRE "Winner" is the lowest in the medium cluster, after the fifth iteration
(43.2%), and the highest in the small cluster after the sixth iteration (59.8%).
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Figure 27. MMRE results in three parts of the experiment for all clusters (ANN-L27).
Slika 27. Rezultati vrednosti MMRE u sva tri dela eksperimenta nad svim klasterima

(ANN-L27).
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Figure 28. MMRE for “Winner” ANNS5 (ANN-L27).
Slika 28. MMRE vrednosti za “Winner” ANNS (ANN-L27).

Table 38. shows the results obtained by training the fourth proposed ANN-L36
architecture on a small cluster. In addition to examining the MRE values for each of the
36 ANNSs, the GA criterion was also monitored. Based on all MRE values in each executed
iteration, the "Winner" network is determined, i.e., the ANN network with the lowest
MRE value. Additionally, the MMRE value was calculated for each iteration. The
obtained value of the "Winner" network (ANN23) is 52.4%, and the value of MMRE is
52.6%. The required GA criterion was met after five iterations.
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Table 38. ANN-L36 results of training part on small cluster.

Tabela 38. Rezultati treniranja ANN-L36 nad malim klasterom.

No. of L

Iter.

ASI:' MRE GA MRE GA MRE GA MRE GA MRE GA
ANN1 1.075 1.075 0.660 0.415 0.553 0.106 0.529 0.024 0.526 0.003
ANN2 0.831 0.831 0.593 0.237 0.537 0.056 0.530 0.007 0.526 0.003
ANN3 1.078 1.078 0.592 0.486 0.538 0.054 0.530 0.008 0.526 0.003
ANN4 0.779 0.779 0.592 0.187 0.543 0.049 0.532 0.011 0.527 0.005
ANNS 0.729 0.729 0.581 0.148 0.537 0.044 0.529 0.008 0.526 0.003
ANNG6 0.831 0.831 0.595 0.235 0.539 0.056 0.529 0.010 0.526 0.003
ANN7 0.592 0.592 0.545 0.047 0.534 0.012 0.529 0.005 0.526 0.003
ANNS 1.566 1.566 0.831 0.736 0.593 0.237 0.536 0.058 0.529 0.007
ANN9 0.582 0.582 0.544 0.039 0.532 0.012 0.527 0.004 0.525 0.002
ANNI10 0.778 0.778 0.587 0.191 0.542 0.045 0.530 0.012 0.527 0.004
ANNI11 0.538 0.538 0.537 0.000 0.532 0.005 0.527 0.005 0.525 0.002
ANNI12 1.438 1.438 0.775 0.663 0.581 0.193 0.533 0.048 0.528 0.006
ANNI13 0.635 0.635 0.550 0.085 0.534 0.016 0.528 0.005 0.526 0.003
ANN14 0.719 0.719 0.574 0.144 0.537 0.038 0.530 0.007 0.526 0.003
ANNI15 1.328 1.328 0.693 0.635 0.568 0.125 0.533 0.035 0.528 0.005
ANNI16 1.384 1.384 0.751 0.633 0.577 0.174 0.534 0.043 0.528 0.006
ANN17 0.651 0.651 0.568 0.083 0.541 0.027 0.531 0.010 0.527 0.004
ANNI18 0.537 0.537 0.535 0.002 0.532 0.003 0.528 0.004 0.526 0.002
ANN19 0.537 0.537 0.534 0.004 0.531 0.002 0.527 0.004 0.525 0.002
ANN20 1.460 1.460 0.761 0.698 0.579 0.183 0.533 0.045 0.527 0.006
ANN21 0.710 0.710 0.591 0.119 0.538 0.053 0.530 0.008 0.527 0.004
ANN22 0.781 0.781 0.684 0.097 0.558 0.126 0.533 0.025 0.528 0.005
ANN23 0.534 0.534 0.526 0.008 0.526 0.000 0.524 0.002 0.524 0.000
ANN24 1.243 1.243 0.712 0.531 0.565 0.148 0.533 0.032 0.528 0.005
ANN25 0.692 0.692 0.561 0.131 0.533 0.028 0.528 0.006 0.526 0.002
ANN26 0.691 0.691 0.570 0.121 0.536 0.034 0.529 0.007 0.526 0.003
ANN27 1.441 1.441 0.734 0.707 0.565 0.170 0.532 0.032 0.527 0.005
ANN28 0.631 0.631 0.547 0.083 0.532 0.016 0.528 0.004 0.525 0.002
ANN29 1.077 1.077 0.649 0.428 0.547 0.102 0.531 0.016 0.527 0.004
ANN30 0.937 0.937 0.638 0.299 0.552 0.087 0.532 0.020 0.527 0.004
ANN31 1.028 1.028 0.631 0.396 0.536 0.095 0.529 0.007 0.526 0.003
ANN32 0.937 0.937 0.636 0.300 0.550 0.087 0.532 0.018 0.528 0.005
ANN33 0.596 0.596 0.547 0.049 0.533 0.014 0.528 0.005 0.525 0.002
ANN34 1.472 1.472 0.756 0.715 0.575 0.182 0.533 0.041 0.528 0.005
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ANN35 0.926 0.926 0.607 0.320 0.537 0.069 0.530 0.008 0.526 0.003
ANN36 0.556 0.556 0.534 0.021 0.528 0.006 0.526 0.003 0.524 0.001
GA 36 32 31 16 0
Winner 53.4% 52.6% 52.6% 52.4% 52.4%
MMRE 89.8% 62.0% 54.6% 53.0% 52.6%

Table 39. shows the results obtained by training the fourth proposed ANN-L36

architecture on the medium cluster. In addition to examining the MRE values for each of

the 36 ANNSs, the GA criterion was also monitored. Based on all MRE values in each

executed iteration, the "Winner" network is determined, i.e., the ANN network with the
lowest MRE value. Additionally, the MMRE value was calculated for each iteration. The
obtained value of the "Winner" network (ANN18) is 42.9%, and the value of MMRE is
43.0%. The required GA criterion was met after five iterations.
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Table 39. ANN-L36 results of training part on medium cluster.

Tabela 39. Rezultati treniranja ANN-L36 nad srednjim klasterom.

Neer -
N MRE GA MRE GA MRE GA MRE GA MRE GA
ANNI  0.748 0.748 0.517 0231 0.450 0.067 0433 0.017 0.430 0.003
ANN2 0612 0.612 0.463 0.149 0.437 0.026 0432 0.006 0.430 0.002
ANN3  0.753 0.753 0.457 0.296 0.435 0.022 0.431 0.004 0.430 0.002
ANN4  0.576 0.576 0.457 0.119 0.439 0.018 0.433 0.006 0.431 0.002
ANN5  0.543 0.543 0.460 0.082 0.437 0.023 0.431 0.006 0.430 0.002
ANN6 0612 0.612 0.466 0.146 0.438 0.029 0.431 0.007 0.430 0.002
ANN7 0457 0.457 0.438 0.019 0.433 0.005 0431 0.002 0.430 0.001
ANNS  1.055 1.055 0.612 0.442 0.467 0.145 0.438 0.029 0.431 0.007
ANN9 0451 0.451 0.436 0.015 0.431 0.005 0.430 0.002 0.429 0.001
ANNIO  0.577 0.577 0.462 0.115 0.438 0.024 0.430 0.008 0.430 0.000
ANNII 0438 0.438 0.435 0.003 0.432 0.003 0.430 0.002 0.429 0.001
ANNI2Z 0975 0.975 0.578 0397 0.460 0.118 0.436 0.024 0.431 0.005
ANNI3 0481 0.481 0.442 0.039 0.433 0.009 0.431 0.003 0.429 0.001
ANNI4  0.536 0.536 0.448 0.088 0.435 0.013 0.432 0.004 0.430 0.002
ANNI5 0911 0911 0.543 0368 0.453 0.090 0.434 0.019 0.431 0.003
ANNI6  0.948 0.948 0.564 0385 0.459 0.105 0.436 0.023 0.431 0.005
ANN17 0495 0.495 0.452 0.043 0.438 0.014 0432 0.006 0.430 0.002
ANNIS 0434 0.434 0.434 0.000 0.433 0.002 0.431 0.002 0.430 0.001
ANNI9 0436 0.436 0.435 0.001 0.432 0.003 0.430 0.002 0.429 0.001
ANN20  0.995 0.995 0.571 0.424 0.459 0.112 0.436 0.023 0.431 0.005
ANN21  0.536 0.536 0.459 0.077 0.437 0.022 0.431 0.006 0.430 0.002
ANN22 0833 0.833 0.515 0318 0.437 0.077 0433 0.004 0.431 0.003
ANN23 0449 0.49 0.436 0.013 0431 0.005 0.430 0.001 0.429 0.001
ANN24  0.864 0.864 0.536 0.328 0.453 0.084 0.434 0.019 0.431 0.003
ANN25 0519 0519 0.446 0.073 0.434 0.012 0.431 0.003 0.430 0.002
ANN26 0520 0.520 0.447 0.074 0.435 0.011 0.432 0.003 0.430 0.002
ANN27 0981 0.981 0.555 0.425 0.454 0.102 0.434 0.020 0.431 0.004
ANN28 0481 0.481 0.439 0.041 0433 0.006 0.431 0.002 0.430 0.001
ANN29  0.766 0.766 0.495 0.270 0.438 0.057 0.432 0.006 0.430 0.002
ANN30  0.673 0.673 0.488 0.186 0.444 0.044 0433 0.011 0.431 0.002
ANN31 0733 0.733 0.486 0.247 0.441 0.045 0.431 0.010 0.430 0.002
ANN32  0.672 0.672 0.485 0.188 0.443 0.042 0.433 0.010 0.430 0.002
ANN33 0457 0.457 0.438 0.019 0432 0.006 0.430 0.002 0.429 0.001
ANN34 0997 0.997 0.566 0.431 0.457 0.110 0.435 0.022 0.431 0.004
ANN35  0.666 0.666 0.469 0.196 0.439 0.031 0.432 0.006 0.430 0.002
ANN36 0442 0.442 0.434 0.007 0.431 0.003 0.430 0.002 0.429 0.001
GA 36 32 26 11 0
Winner  43.4% 43.4% 43.1% 43.0% 42.9%
MMRE  65.6% 48.2% 44.1% 43.2% 43.0%
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Table 40. shows the results obtained by training the fourth proposed ANN-L36
architecture on a large cluster. In addition to examining the MRE values for each of the
36 ANNSs, the GA criterion was also monitored. Based on all MRE values in each executed
iteration, the "Winner" network is determined, i.e., the ANN network with the lowest
MRE value. Additionally, the MMRE value was calculated for each iteration. The
obtained value of the "Winner" network (ANN23) is 49.5%, and the value of MMRE is
49.9%. The required GA criterion was met after eight iterations.
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Table 40. ANN-L36 results of training part on large cluster.
Tabela 40. Rezultati treniranja ANN-L36 nad velikim klasterom.

No. of
Iter.

Allj::- MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA

ANNI1 4.164 4.164 1.624 2.540 0.746 0.878 0.574 0.171 0.530 0.045 0.511 0.018 0.503 0.008 0.499 0.004
ANN2 3.224 3.224 1.356 1.868 0.741 0.615 0.581 0.160 0.534 0.047 0.514 0.021 0.504 0.010 0.499 0.005
ANN3 4.200 4.200 1.624 2.577 0.799 0.825 0.596 0.203 0.540 0.056 0.516 0.024 0.505 0.011 0.500 0.005
ANN4 2.889 2.889 1.624 1.266 0.840 0.783 0.610 0.230 0.545 0.065 0.519 0.026 0.506 0.012 0.501 0.006
ANNS 2,663 2.663 0.996 1.668 0.639 0.357 0.553 0.086 0.522 0.031 0.508 0.014 0.501 0.007 0.498 0.003
ANN6 3.224 3.224 1.371 1.853 0.742 0.629 0.582 0.160 0.534 0.048 0.508 0.026 0.504 0.004 0.499 0.005
ANN7 1.624 1.624 0.888 0.736 0.624 0.264 0.549 0.075 0.520 0.029 0.507 0.013 0.501 0.006 0.498 0.003

ANNS 5.873 5.873 3224 2.649 1.219 2.005 0.703 0.516 0.572 0.131 0.530 0.042 0.512 0.018 0.503 0.009
ANN9 1.507 1.507 0.725 0.782 0.570 0.155 0.528 0.042 0.510 0.018 0.502 0.008 0.499 0.004 0.497 0.002
ANNI10 2.863 2.863 0.711 2.152 0.610 0.101 0.575 0.035 0.532 0.044 0.513 0.019 0.504 0.009 0.499 0.005
ANNI11 0.945 0.945 0.894 0.050 0.564 0.330 0.526 0.038 0.510 0.017 0.502 0.008 0.501 0.001 0.499 0.002
ANNI12 5.471 5.471 2.638 2.833 1.035 1.604 0.657 0.378 0.559 0.098 0.525 0.034 0.509 0.015 0.503 0.006
ANNI13 2.033 2.033 0.898 1.135 0.625 0.273 0.549 0.076 0.520 0.029 0.507 0.013 0.501 0.006 0.498 0.003
ANN14 2.576 2.576 1.281 1.295 0.728 0.553 0.578 0.151 0.533 0.045 0.513 0.020 0.504 0.009 0.499 0.004
ANNI1S 5.148 5.148 2.060 3.088 0.876 1.183 0.616 0.261 0.546 0.069 0.519 0.027 0.507 0.012 0.501 0.006
ANNI16 5.344 5.344 2483 2.860 1.004 1.480 0.650 0.354 0.542 0.108 0.524 0.018 0.509 0.015 0.502 0.007
ANN17 2114 2.114 1.189 0.925 0.720 0.469 0.577 0.143 0.533 0.044 0.513 0.020 0.504 0.009 0.499 0.005
ANNI8 0.957 0.957 0.680 0.277 0.564 0.115 0.527 0.038 0.510 0.017 0.502 0.008 0.498 0.004 0.497 0.002
ANN19 0.894 0.894 0.661 0.233 0.561 0.101 0.525 0.036 0.509 0.016 0.502 0.007 0.498 0.004 0.497 0.002
ANN20 5.578 5.578 2.546 3.032 Lo11 1.535 0.651 0.360 0.557 0.094 0.524 0.033 0.509 0.015 0.502 0.007
ANN21 2.545 2.545 2072 0.473 0.728 1.344 0.578 0.150 0.533 0.045 0.513 0.020 0.504 0.009 0.499 0.005
ANN22 4.700 4.700 2367 2333 1.007 1.360 0.653 0.354 0.557 0.096 0.524 0.032 0.509 0.015 0.502 0.007
ANN23 0.625 0.625 0.537 0.088 0.512 0.025 0.503 0.010 0.499 0.004 0.497 0.002 0.496 0.001 0.495 0.000
ANN24 4.890 4.890 1.994 2.896 0.870 1.124 0.605 0.265 0.546 0.059 0.519 0.027 0.507 0.012 0.501 0.006
ANN25 2372 2372 0914 1.459 0.626 0.287 0.552 0.075 0.520 0.032 0.507 0.013 0.501 0.006 0.498 0.003
ANN26 2411 2411 1.255 1.155 0.728 0.527 0.579 0.149 0.533 0.046 0.513 0.020 0.504 0.009 0.499 0.005
ANN27 5.505 5.505 2.136 3.369 0.882 1.254 0.616 0.266 0.521 0.095 0.519 0.002 0.507 0.012 0.501 0.006
ANN28 1.967 1.967 0.927 1.040 0.626 0.301 0.549 0.077 0.520 0.029 0.507 0.013 0.501 0.006 0.498 0.003
ANN29 4.320 4.320 1.461 2.859 0.740 0.721 0.579 0.161 0.533 0.046 0.513 0.020 0.504 0.009 0.499 0.004
ANN30 3.704 3.704 1.774 1.930 0.851 0.923 0.611 0.240 0.545 0.066 0.518 0.026 0.506 0.012 0.501 0.006
ANN31 4.106 4.106 1.360 2.745 0.727 0.634 0.575 0.152 0.532 0.043 0.523 0.009 0.503 0.020 0.499 0.004
ANN32 3.693 3.693 1.748 1.945 0.848 0.900 0.610 0.238 0.545 0.065 0.518 0.026 0.506 0.012 0.501 0.006
ANN33 1.676 1.676 0.925 0.751 0.631 0.294 0.551 0.080 0.521 0.030 0.507 0.014 0.501 0.006 0.498 0.003
ANN34 5.594 5.594 2558 3.036 1.015 1.543 0.652 0.363 0.558 0.094 0.524 0.034 0.509 0.015 0.502 0.007
ANN3S5 3.643 3.643 1373 2270 0.733 0.640 0.578 0.155 0.533 0.045 0.513 0.020 0.504 0.009 0.499 0.004

ANN36 1.224 1.224 0.701 0.523 0.567 0.134 0.527 0.040 0.510 0.017 0.502 0.008 0.499  0.004 0.497 0.002

GA 36 36 36 35 35 28 14 0
Winner 62.5% 53.7% 51.2% 50.3% 49.9% 49.7% 49.6% 49.5%
MMRE  323.0% 148.8% 75.9% 58.4% 53.2% 51.3% 50.4% 49.9%
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Figure 29. presents the MMRE results for all three clusters on which the ANN-
L36 training procedure was performed using the COCOMO2000 dataset. It can be
concluded that the value of MMRE is the lowest on the medium cluster (43.0%) and the
highest on the small cluster (52.6%). Figure 30. presents the MMRE results for the
obtained "Winner" network on all three clusters on which the ANN-L36 training
procedure was performed using the COCOMO2000 dataset. It can be concluded that the
value of MMRE "Winner" is the lowest in the medium cluster, after the fifth iteration
(42.9%), and the highest in the small cluster after the five iterations (52.4%).
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Figure 29. MMRE results in three parts of the experiment for all clusters (ANN-L36).
Slika 29. Rezultati vrednosti MMRE u sva tri dela eksperimenta nad svim klasterima

(ANN-L36).
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Figure 30. MMRE for “Winner” ANN23 (ANN-L36).
Slika 30. MMRE vrednosti za “Winner” ANN23 (ANN-L36).

The convergence rate describes the rate of the proposed algorithm, that is, the
number of iterations required by the algorithm to achieve the smallest value, i.e. the
minimum value of the MRE in experiment. From the point of view of a project, it is
calculated as the minimum relative error difference between every two output iterations.
The rate of convergence of each cluster depends on the particular ANN architecture.
Achieving the minimum MRE and fulfilling the criteria, GA<0.01 is achieved for the
small and medium cluster after 5 iterations in architectures ANN-L27 and ANN-L36,
while for the large cluster this condition is achieved after 8 iterations for architectures
ANN-L9, ANN-L27, and ANN- L36. The rate of convergence in this approach implies a
significant reduction in the number of iterations, and therefore a reduction in the time of
effort estimation during the development of software projects.

From Figure 31, it can be concluded that:
S8i (ANN — L36) > 6i (ANN — L18) > §i (ANN — L9) > 6i (ANN — L27), that is, the ANN-
L36 architecture converges the fastest to the minimum MMRE on a small cluster.

From Figure 32, it can be concluded that:
S8i (ANN — L36) > 6i (ANN — L27) > §i (ANN — L18) > §i (ANN — L9), that is, the ANN-

L36 architecture again converges the fastest for medium cluster.

From Figure 33, it can be concluded that:
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i (ANN — L36) > 6i (ANN — L27) > 6i (ANN — L18) > §i (ANN — L9) , that is, again,
the ANN-L36 architecture converges the fastest to the minimum MMRE observed for a
large cluster.

Small cluster
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Figure 31. Convergence rate of the four proposed ANNs on small cluster.
Slika 31. Brzina konvergencije Cetiri predloZzene ANN arhitekture nad malim klasterom.
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Figure 32. Convergence rate of the four proposed ANNs on medium cluster.
Slika 32. Brzina konvergencije Cetiri predloZzene ANN arhitekture nad srednjim
klasterom.
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Large cluster
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Figure 33. Convergence rate of the four proposed ANNSs on large cluster.
Slika 33. Brzina konvergencije Cetiri predlozene ANN arhitekture nad velikim
klasterom.

In the first part of this experiment, devoted to training proposed architectures:
ANN-L9, ANN-L18, ANN-L27 and ANN-L36, a COCOMO2000 dataset of 100 projects
was used, divided into clusters according to actual effort expressed in person-months
(PM) as follows: for PM<90 (small cluster of 32 projects), for 90<PM<500 (medium
cluster of 40 projects), and PM>500 (large cluster of 28 projects).

The average value of MMRE during this part of the experiment is the lowest in
the case of ANN-L36 network, which is the best result of all the obtained and is 43.3%.

The ANN-L27 network has an MMRE value of 45.3%, which is 2% less than the
best result.

The networks ANN-L18 and ANN-L9, with 59.7% and 72.0% respectively, have
a worse result, i.e. a higher value of MMRE.

Based on the results in Table 8, it can be concluded that the ANN-L36 network
gives the best result and converges the fastest to the minimum value of MMRE.

Additionally, to improve the efficiency of the experiments, the Mean absolute
error (MAE) was calculated. This value represents the average of differences in the
absolute value between the actual effort and each estimated effort following the total
number of projects, see Table 41.

From the results it can be concluded that the ANN-L36 network achieves the best
behavior with an average MMRE value of 43.3% in all three parts of the experiment. A
slightly higher value of MMRE, about 2%, is achieved by the ANN-L27 architecture
(45.3%). A weaker result is achieved with ANN-L18 (59.7%), and the worst result is
achieved with ANN-L9 (72%), see Table 42, Figure 34.
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It can be concluded that by increasing the number of hidden layers, the estimation
of MMRE value is more reliable.

Table 41. MAE for each proposed ANN architecture on clusters (COCOMO2000).
Tabela 41. Vrednosti MAE za svaku predloZzenu arhitekturu u svim klasterima

(COCOMO2000).

ANN9 ANN18 ANN27 ANN36
Experiment Small Medium Large Small Medium  Large Small Medium Large Small Medium  Large
cluster _ cluster  cluster  cluster _ cluster cluster  cluster  cluster _ cluster _ cluster _ cluster cluster
Training 36.1 230.6 3114.6 26.0 185.7 2392.9 16.9 157.8 924.7 30.5 168.5 991.3
Testing 31.5 218.6 1487.7 23.5 174.6 1163.2 30.7 157.5 651.1 19.7 157.1 706.5
Validationl 54.8 2234 4013.6 25.2 186.5 2903.3 322 147.2 941.7 31.0 150.1 1106.3
Validation2 342 220.8 1420.6 26.4 165.8 1128.5 12.5 109.9 703.0 18.4 145.1 711.1
Validation3 36.8 246.7 2034.5 36.1 1923 1804.2 283 137.2 875.5 29.1 140.2 868.3
MAE(%) 38.68 228.02 24142 27.44 180.98 1878.42  24.12 141.92 819.2 2574 152.2 876.7

AVERAGE((MAE(%)) 893.6 695.6 3284 3515

Table 42. MMRE for each proposed ANN architecture on clusters (COCOMO2000).
Tabela 42. Vrednosti MMRE za svaku predlozenu arhitekturu u svim klasterima

ANN-L9 ANN-L18 ANN-L27 ANN-L36
Experiment

Small Medium Large Small Medium Large Small Medium Large Small Medium Large

cluster  cluster  cluster cluster  cluster  cluster cluster  cluster  cluster cluster  cluster  cluster
Training 80.7 49.6 206.9 69.6 44.8 141.1 65.4 433 47.3 65.6 43.1 49.7
Testing 63.3 41.6 13.6 59.9 323 13.6 54.9 30.8 203 57.4 313 16.1
Validation1 30.8 384 293.7 52.8 353 195.4 375 64.5 52.3 424 353 55.9
Validation2 53.2 48 53.8 56.4 4.7 41 68.4 45.7 45.1 59.5 41.2 44.1
Validation3 50.8 32.8 23.2 56.1 31 24 50.3 33.7 19.6 55.4 32.8 19.5
MMRE(%) 55.8 42.1 118.2 59.0 37.2 83.0 55.3 43.6 36.9 56.1 36.7 37.1
AVERAGE((MMRE(%)) 72.0 59.7 45.3 433
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Figure 34. MMRE values of proposed ANN architectures for each part of the
experiment (COCOMO2000).
Slika 34. Vrednosti MMRE za svaku predlozenu arhitekturu u svakom delu
eksperimenta (COCOMO2000).

In the training part of the experiment, it can be concluded that the medium cluster
gives the best results for the ANN-L36 architecture (43.1%).

In the testing part of the experiment, it can be concluded that the best result is
achieved by a large cluster for the architectures ANN-L9 and ANN-L18 (13.6% for both
architectures).

In the validation part of the experiment, the best results were achieved on the
medium cluster for all proposed architectures.

During all three parts of the experiments, the prediction PRED (%) was monitored,
1.e. the number of projects that meet the set GA criterion. It can be concluded that the
value of PRED is approximate in all proposed architectures.

During the training experiment, the best prediction is achieved by the ANN-L9
network, while in part of testing and validation experiments, the best PRED value is
achieved with the ANN-L27 and ANN-L36 networks, depending on the dataset. During
the first and second validations, the best prediction result is achieved with the ANN-L36
network, while during the third validation, the best results are obtained with the ANN-
L27 architecture, see Table 43.

The results in Table 10. indicate the heterogeneous nature of the designs of each
datasets used and directly affect the prediction results within all three parts of the
experiment. It can be seen that data sets from 1 to 5 are very heterogeneous in terms of
the programming languages used, the duration of application development, and a very
large range of actual effort values, with a large standard deviation.
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Table 43. Monitoring the prediction of each part of the experiment (COCOMO2000).
Tabela 43. Pracenje predikcije u svakom delu eksperimenta (COCOMO2000).

Training
PRED(%) ANN-LI9(%) ANN-L18(%) ANN-L27(%) ANN-L36(%)
PRED(25) 20.0 21.0 16.0 16.0
PRED(30) 22.0 23.0 22.0 21.0
PRED(50) 51.0 46.0 42.0 43.0
Testing
PRED(25) 35.1 45.5 60.4 452
PRED(30) 50.4 50.2 65.3 50.3
PRED(50) 80.7 75.2 80.0 70.3
Validationl
PRED(25) 25.5 17.6 17.6 25.5
PRED(30) 314 21.6 23.5 333
PRED(50) 62.7 43.1 41.2 56.9
Validation2
PRED(25) 25.0 18.3 16.7 16.7
PRED(30) 333 21.7 20.0 25.0
PRED(50) 68.3 56.7 35.0 43.3
Validation3
PRED(25) 25.1 19.0 25.1 25.1
PRED(30) 38.2 25.1 25.1 41.6
PRED(50) 71.4 69.9 75.9 734

The minimum value of MRE also depends on the nature of the projects, so in
addition to the obtained training results on three clusters, it is necessary to test and validate
these models on different data sources, i.e. on several different datasets. The correlation
coefficient in this method represents the agreement of the actual effort and the estimated
value. Statistical verification of the values of the correlation coefficients for all four
proposed architectures proves the reliability of the method used to obtain the estimated
value of each specified architecture. The observed correlations were obtained on a
complete dataset and include all three defined clusters.

A lower correlation value is observed in the simpler architectures ANN-L9 and
ANN-L18, while the correlation has a higher value in the more complex architectures
ANN- L27 and ANN-L36. It can be concluded that the best correlation results are obtained
according to Pearson’s and Spearman’s for the architecture ANN-L36 and according to
R? for the architecture ANN-L27, see Table 44. All three coefficients were used to
represent the correlation between the estimated and actual values of the actual effort for
each of the selected architectures ANN-L9, ANN-L18, ANN-L27, and ANN-L36.
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Table 44. Correlation for each ANN architecture
(COCOMO2000).
Tabela 44. Korelacija svake predlozene ANN arhitekture (COCOMO2000).

Correlation ANN-L9 ANN-L18 ANN-L27 ANN-L36
Pearson’s 0.617 0.615 0.714 0.866
Spearman’s rho 0.869 0.864 0.862 0.904
R’ 0.827 0.861 0.862 0.869

Based on all parts of the experiment, it can be concluded that the ANN-L36
architecture has the best results for the MMRE value (43.3%), observed on all clusters
Table 42, the number of iterations is the lowest compared to other architectures, and for
the small and medium cluster it is 5. The ANN-L36 architecture converges fastest
compared to all proposed architectures, see Figure 31, Figure 32, and Figure 33. The three
correlation coefficients attempt to best match the actual effort values for all datasets used
in all parts of the experiment for ANN-L36.

Prediction monitoring shows the best result with ANN-L36 in all parts of the
experiment. Finally, among all the proposed architectures, regardless of the nature of the
project, ANN-L36 gives the best and most reliable results.

The results shown in the previous tables and figures of this approach
(COCOMO2000) were processed in the R programming language (avaiable at:
https://www.r-project.org/) and checked in the Python programming language (avaiable
at:  https://www.python.org/) within the RStudio environment (avaiable at:
https://www.rstudio.com/products/rstudio/). The data required for statistical analysis
were processed in the IBM SPSS Statistical 25 software tool (avaiable at:
https://www.ibm.com/support/pages/downloading-ibm-spss-statistics-25).

4.2 Obtained results using COSMIC FFP model and ANN

Within the second proposed, improved COSMIC FFP approach, two different
ANN architectures based on Taguchi's orthogonal vector plans, designated as ANN-L12
and ANN-L36prim, were used. In the first part of the experiment - training these ANN
architectures, the used ISBSG data set was divided into five clusters depending on the
functional size. After several experiments, it was found that the most reliable results in
training and testing parts of the experiments are given by the proposed division of 70:30.
In each cluster, 70% of the projects were used for training and the remaining 30% for
testing.
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Table 45. shows the results obtained by training the first proposed ANN-L12
architecture on the first cluster. In addition to examining the MRE values for each of the
12 ANN architecture candidates, the GA criterion was also monitored. Based on all MRE
values in each executed iteration, the "Winner" network is determined, i.e., the ANN
network with the lowest MRE value (the ANN with the best performances). Additionally,
the MMRE value was calculated for each iteration. The obtained value of the "Winner"
network (ANN1) is 36.1%, and the value of MMRE is 36.4%. The required GA criterion
was met after five iterations.

Table 45. ANN-L12 results of training part on Dataset 1
(COSMIC FFP).
Tabela 45. Rezultati treniranja ANN-L12 u Dataset 1 (COSMIC FFP).

Dataset_1

l\i;’ér‘ff 1 2 3. 4 5

ASI;I- MRE GA MRE GA MRE GA MRE GA MRE GA
ANNI1 0.361 0.361 0.361 0.000 0.361 0.000 0.361 0.000 0.361 0.000
ANN2 1.044 1.044 0.552 0.492 0.392 0.160 0.368 0.024 0.364 0.004
ANN3 1.053 1.053 0.552 0.502 0.397 0.155 0.368 0.029 0.364 0.004
ANN4 0.552 0.552 0.390 0.162 0.366 0.024 0.362 0.004 0.361 0.001
ANNS 0.408 0.408 0.385 0.023 0.375 0.009 0.369 0.007 0.365 0.003
ANNG6 0.425 0.425 0.398 0.027 0.379 0.018 0.370 0.009 0.365 0.004
ANN7 0.436 0.436 0.401 0.035 0.380 0.020 0.370 0.010 0.366 0.005
ANNS8 0.520 0.520 0.392 0.128 0.365 0.027 0.362 0.003 0.361 0.000
ANN9 0.412 0412 0.388 0.023 0.376 0.012 0.369 0.007 0.365 0.004
ANN10 0.854 0.854 0.447 0.407 0.377 0.070 0.368 0.010 0.364 0.004
ANNT11 0.906 0.906 0.448 0.458 0.376 0.072 0.367 0.009 0.364 0.003
ANN12 0.575 0.575 0.407 0.168 0.386 0.021 0.374 0.012 0.367 0.006

GA 12 11 10 3 0

Winner 36.1% 36.1% 36.1% 36.1% 36.1%

MMRE 62.9% 42.7% 37.8% 36.7% 36.4%

Table 46. shows the results obtained by training the first proposed ANN-L12
architecture on the second cluster. In addition to examining the MRE values for each of
the 12 ANN architecture candidates, the GA criterion was also monitored. Based on all
MRE values in each executed iteration, the "Winner" network is determined, i.e., the ANN
network with the lowest MRE value. Additionally, the MMRE value was calculated for
each iteration. The obtained value of the "Winner" network (ANNI) is 35.4% and the
value of MMRE is 35.7%. The required GA criterion was met after six iterations.
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Table 46. ANN-L12 results of training part on Dataset 2
(COSMIC FFP).
Tabela 46. Rezultati treniranja ANN-L12 u Dataset 2 (COSMIC FFP).

Dataset_2

eer, 6

Alil:- MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA
ANN1 0.356 0.356 0.356 0.000 0.356 0.000 0.356 0.000 0.354 0.002 0.354 0.000
ANN2 1.344 1.344 0.710 0.635 0.449 0.261 0.378 0.071 0.361 0.017 0.358 0.004
ANN3 1.351 1.351 0.710 0.642 0.450 0.260 0.379 0.071 0.362 0.017 0.358 0.004
ANN4 0.704 0.704 0.450 0.254 0.376 0.073 0.359 0.017 0.356 0.003 0.356 0.000
ANNS 0.452 0.452 0.391 0.061 0.373 0.018 0.365 0.009 0.361 0.004 0.358 0.002
ANNG6 0.450 0.450 0.398 0.053 0.375 0.022 0.365 0.010 0.361 0.004 0.359 0.002
ANN7 0.462 0.462 0.400 0.061 0.376 0.025 0.365 0.010 0.361 0.005 0.359 0.002
ANN8 0.683 0.683 0.444 0.239 0.374 0.069 0.359 0.015 0.356 0.003 0.356 0.000
ANN9 0.462 0.462 0.396 0.066 0.374 0.021 0.365 0.010 0.361 0.004 0.358 0.002
ANNI10 1.074 1.074 0.568 0.506 0.408 0.160 0.369 0.039 0.359 0.009 0.357 0.002
ANNI11 1.130 1.130 0.569 0.561 0.406 0.163 0.368 0.038 0.359 0.009 0.357 0.002
ANNI2 0.712 0.712 0.454 0.259 0.389 0.065 0.369 0.020 0.362 0.007 0.359 0.003

GA 12 11 11 9 2 0

Winner 35.6% 35.6% 35.6% 35.6% 35.4% 35.4%

MMRE 76.5% 48.7% 39.2% 36.6% 35.9% 35.7%

Table 47. shows the results obtained by training the first proposed ANN-L12

architecture on the third cluster. In addition to examining the MRE values for each of the

12 ANN architecture candidates, the GA criterion was also monitored. Based on all MRE

values in each executed iteration, the "Winner" network is determined, i.e., the ANN
network with the lowest MRE value. Additionally, the MMRE value was calculated for
each iteration. The obtained value of the "Winner" network (ANN12) is 16.6%, and the
value of MMRE is 16.8%. The required GA criterion was met after five iterations.
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Table 47. ANN-L12 results of training part on Dataset 3

Tabela 47. Rezultati treniranja ANN-L12 u Dataset 3 (COSMIC FFP).

(COSMIC FFP).

Dataset_3

No. of

Iter.

AIT; B MRE GA MRE GA MRE GA MRE GA MRE GA
ANN1 0.214 0.214 0.204 0.010 0.182 0.022 0.174 0.007 0.170 0.004
ANN2 0.274 0.274 0.230 0.044 0.188 0.043 0.173 0.014 0.171 0.002
ANN3 0.272 0.272 0.213 0.059 0.177 0.036 0.173 0.004 0.171 0.002
ANN4 0.175 0.175 0.171 0.004 0.171 0.000 0.169 0.002 0.168 0.000
ANNS 0.187 0.187 0.170 0.017 0.168 0.001 0.168 0.000 0.166 0.002
ANNG6 0.212 0.212 0.184 0.028 0.171 0.012 0.169 0.002 0.168 0.001
ANN7 0.215 0.215 0.175 0.040 0.169 0.006 0.169 0.001 0.166 0.002
ANNS 0.175 0.175 0.171 0.004 0.171 0.000 0.169 0.002 0.168 0.000
ANN9 0.213 0.213 0.184 0.029 0.171 0.013 0.169 0.002 0.168 0.001
ANNI10 0.216 0.216 0.186 0.030 0.177 0.009 0.170 0.007 0.169 0.001
ANNI11 0.236 0.236 0.191 0.045 0.178 0.013 0.170 0.008 0.170 0.000
ANNI12 0.173 0.173 0.169 0.004 0.168 0.001 0.167 0.001 0.167 0.001

GA 12 9 6 1 0
Winner 17.3% 16.9% 16.8% 16.7% 16.6%
MMRE 21.3% 18.7% 17.4% 17.0% 16.8%

Table 48. shows the results obtained by training the first proposed ANN-L12
architecture on the fourth cluster. In addition to examining the MRE values for each of

the 12 ANN architecture candidates, the GA criterion was also monitored. Based on all

MRE values in each executed iteration, the "Winner" network is determined, i.e., the ANN
network with the lowest MRE value. Additionally, the MMRE value was calculated for
each iteration. The obtained value of the "Winner" network (ANNI1) is 29.4%, and the
value of MMRE is 29.6%. The required GA criterion was met after six iterations.
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Table 48. ANN-L12 results of training part on Dataset 4
(COSMIC FFP).
Tabela 48. Rezultati treniranja ANN-L12 u Dataset 4 (COSMIC FFP).

Dataset 4
No. of
e 1. 2. 3. 4 5. 6.
Agg' MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA

ANN1 0297 0297 0297 0000 0297 0000 0297  0.000 0297  0.000 0297  0.000
ANN2 1303 1303 0665 0639 0381 0284 0307 0073 0296 0011 0296  0.000
ANN3 1285 1285 0665 0621 0383 0282 0308 0075 0296 0012 0296  0.001
ANN4 0638 0638 0378 0261 0305 0072 0295 0010 0295 0001 0294  0.000
ANNS5 0387 0387 0316 0071 0307 0009 0302 0005 0300 0003 0298  0.001
ANNG6 0365 0365 0320 0045 0308 0012 0302 0006 0300 0003 0298  0.001
ANN7 0364 0364 0319 0044 0308 0012 0302 0006 0300 0003 0298  0.001
ANNS 0.640 0640 0380 0260 0306 0074 0297 0010 0296 0001 0296  0.000
ANN9 0373 0373 0320 0053 0309 0012 0303 0006 0300 0003 0298  0.001
ANNI0O 1034 1034 0504 0530 0336 0168 0298 0038 0296 0002 0296  0.000
ANN11 1094 1094 0515 0579 0337 0178 0298 0039 0296  0.002 0296  0.000

ANNI12 0.685 0.685 0.369 0.316 0.312 0.057 0.303 0.009 0.299 0.003 0.298 0.001

GA 12 11 10 5 2 0
Winner 29.7% 29.7% 29.7% 29.5% 29.5% 29.4%
MMRE 70.5% 42.0% 32.4% 30.1% 29.7% 29.6%

Table 49. shows the results obtained by training the first proposed ANN-L12
architecture on the fifth cluster. In addition to examining the MRE values for each of the
12 ANN architecture candidates, the GA criterion was also monitored. Based on all MRE
values in each executed iteration, the "Winner" network is determined (the ANN with the
best performances), i.e., the ANN network with the lowest MRE value. Additionally, the
MMRE value was calculated for each iteration. The obtained value of the "Winner"
network (ANN1) is 24.1%, and the value of MMRE is 24.2%. The required GA criterion
was met after six iterations.
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Table 49. ANN-L12 results of training part on Dataset 5
(COSMIC FFP).
Tabela 49. Rezultati treniranja ANN-L12 u Dataset 5 (COSMIC FFP).

Dataset_5

No- of 3. 6.

AIT:- MRE GA MRE GA MRE GA MRE GA MRE GA MRE GA
ANN1 0.248 0.248 0.241 0.007 0.241 0.000 0.241 0.000 0.241 0.000 0.241 0.000
ANN2 1.084 1.084 0.571 0.513 0.329 0.242 0.266 0.063 0.246 0.020 0.243 0.003
ANN3 1.108 1.108 0.571 0.537 0.331 0.240 0.267 0.064 0.247 0.020 0.243 0.004
ANN4 0.550 0.550 0.316 0.235 0.263 0.053 0.246 0.017 0.243 0.003 0.241 0.001
ANNS 0.345 0.345 0.264 0.081 0.250 0.014 0.246 0.004 0.243 0.002 0.242 0.001
ANNG6 0.322 0.322 0.267 0.055 0.255 0.012 0.248 0.007 0.244 0.003 0.243 0.002
ANN?7 0.331 0.331 0.270 0.061 0.254 0.016 0.247 0.007 0.244 0.004 0.242 0.001
ANNS 0.514 0.514 0.311 0.203 0.261 0.050 0.245 0.016 0.242 0.003 0.241 0.001
ANN9 0.320 0.320 0.262 0.059 0.253 0.009 0.247 0.006 0.244 0.003 0.242 0.002
ANNI10 0.897 0.897 0.429 0.468 0.296 0.134 0.256 0.040 0.246 0.010 0.243 0.003
ANNI11 0.970 0.970 0.436 0.534 0.295 0.141 0.255 0.040 0.245 0.010 0.242 0.003
ANNI12 0.557 0.557 0.334 0.223 0.267 0.067 0.250 0.018 0.244 0.005 0.242 0.002

GA 12 11 10 7 3 0

Winner 24.8% 24.1% 24.1% 24.1% 24.1% 24.1%
MMRE 60.3% 35.6% 27.4% 25.1% 24.4% 24.2%

iterations are enough to achieve the minimum MMRE value.

The behavior of the introduced GA criterion on all five used ISBSG dataset
clusters is shown in Figure 35. It can be concluded that in each cluster, five or six executed
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Figure 35. GA for all five clusters (ANN-L12).
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Slika 35. GA vrednost za svih pet koriS¢enih klastera (ANN-L12).
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The MMRE value for the "Winner" network in each cluster used is graphically
shown in Figure 36. It can be concluded that the difference between the MMRE value in
the first and last iteration is minimal and weighs a constant value.

Winner MMRE (%)
40,0%
35,0% & ® ® G ®
30,0%
25,0% G @ @ < - <
20,0%
15,0%
10,0%
5,0%
0,0%
1 2 3 4 5 6
=—@—Dataset_1 Winner —o— Dataset_2 Winner Dataset_3 Winer

Dataset_4 Winner —®-Dataset_S Winner

Figure 36. “Winner“ MMRE for all five clusters (ANN-L12).
Slika 36. Vrednost MMRE za “Winner* mreZu za svih pet kori$¢enih klastera
(ANN-L12).

The value of MMRE in each cluster used is graphically shown in Figure 37. Unlike
the value of MMRE "Winner" network, the functions are exponentially shaped and tend

towards the minimum MMRE.
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Figure 37. MMRE value for all five clusters (ANN-L12).
Slika 37. Vrednost MMRE za svih pet kori§¢enih klastera (ANN-L12).

Table 50. shows the results obtained by training the second proposed ANN-

L36prim architecture on all five used ISBSG dataset clusters. The number of iterations in
each cluster was monitored. The set GA criterion was met after six iterations for all five
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clusters. A graphical representation of the GA criteria for all five clusters used is shown

in Figure 38.

Table 50. GA for all five clusters (ANN-L36prim).
Tabela 50. Vrednost GA za svih pet koriS¢enih klastera (ANN-L36prim).

Gradient Descent (GA) for used datasets

No. of Iteration 1. 2. 3. 4. S. 6.
Dataset_1 36 36 27 14 3 0
Dataset 2 36 35 23 17 5 0
Dataset_3 36 35 21 13 4 0
Dataset_4 36 35 25 15 7 0
Dataset_5 36 35 21 12 2 0

Gradient Descent (GA)
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Figure 38. GA for all five clusters (ANN-L36prim).
Slika 38. Vrednost GA za svih pet koriS¢enih klaster (ANN-L36prim)

Table 51. shows the results obtained by training the second proposed ANN-

L36prim architecture on the first cluster. Based on all MRE values in each executed

iteration, the "Winner" network is determined, i.e., the ANN network with the lowest
MRE value. Additionally, the MMRE value was calculated for each iteration. The
obtained value of the "Winner" network (ANN1) is 32.1%, and the value of MMRE is

32.1%. The required GA criterion was met after six iterations.
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Table 51. “Winner MMRE vs. MMRE Dataset 1 (ANN-L36prim).
Tabela 51. Vrednost MMRE “Winner® mreze u odnosu na vrednost MMRE u
Dataset 1 (ANN-L36prim).

MMRE (%)
No. of Iteration 1. 2. 3. 4. S. 6.
Dataset_1 Winner 34.8% 33.5% 32.8% 32.5% 32.1% 32.1%
Dataset_1 47.7% 37.6% 34.1% 33.1% 32.2% 32.1%

A graphical representation of the MMRE value for the Winner network relative to
the MMRE value on Dataset 1 during six iterations is given in Figure 39.
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Figure 39. “Winner MMRE vs. MMRE Dataset 1 (ANN-L36prim).
Slika 39. Graficka reprezentacija vrednosti MMRE “Winner* mreze u odnosu na
vrednost MMRE u Dataset 1 (ANN-L36prim).

Table 52. shows the results obtained by training the second proposed ANN-
L36prim architecture in the second cluster. Based on all MRE values in each executed
iteration, the "Winner" network is determined, i.e., the ANN network with the lowest
MRE value. Additionally, the MMRE value was calculated for each iteration. The
obtained value of the "Winner" network (ANN36) is 32.0%, and the value of MMRE is
32.0%. The required GA criterion was met after six iterations.
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Table 52. “Winner MMRE vs. MMRE Dataset 2 (ANN-L36prim).
Tabela 52. Vrednost MMRE “Winner® mreze u odnosu na vrednost MMRE u
Dataset 2 (ANN-L36prim).

MMRE (%)
No. of Iteration 1. 2. 3. 4. S. 6.
Dataset_2 Winner 352% 34.1% 33.8% 32.7% 32.2% 32.0%
Dataset_2 49.7% 38.6% 36.9% 35.0% 32.3% 32.0%

A graphical representation of the MMRE value for the Winner network relative to
the MMRE value on Dataset 2 during six iterations is given in Figure 40.
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Figure 40. “Winner“ MMRE vs. MMRE Dataset 2 (ANN-L36prim)
Slika 40. Graficka reprezentacija vrednosti MMRE “Winner* mreze u odnosu na
vrednost MMRE u Dataset 1 (ANN-L36prim).

Table 53. shows the results obtained by training the second proposed architecture
ANN-L36prim on the third cluster. Based on all MRE values in each executed iteration,
the "Winner" network is determined, i.e., the ANN network with the lowest MRE value.
Additionally, the MMRE value was calculated for each iteration. The obtained value of
the "Winner" network (ANN12) is 16.4%, and the value of MMRE is 16.4%. The required
GA criterion was met after six iterations.

124198



Chapter 4: Analysis of the obtained results by applying three new, improved models

Table 53. “Winner MMRE vs. MMRE Dataset 3 (ANN-L36prim).
Tabela 53. Vrednost MMRE “Winner® mreze u odnosu na vrednost MMRE u
Dataset 3 (ANN-L36prim).

MMRE (%)
No. of Iteration 1. 2. 3. 4. S. 6.
Dataset 3 Winner 16.7% 16.6% 16.5% 16.7% 16.4% 16.4%
Dataset_3 20.6% 18.5% 17.3% 16.9% 16.5% 16.4%

Graphical representation of the MMRE value for the "Winner" network relative to
the MMRE value on Dataset 3 during six iterations is given in Figure 41.
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Figure 41. “Winner MMRE vs. MMRE Dataset 3 (ANN-L36prim).
Slika 41. Graficka reprezentacija vrednosti MMRE “Winner* mreze u odnosu na
vrednost MMRE u Dataset 3 (ANN-L36prim).

Table 54. shows the results obtained by training the second proposed architecture
ANN-L36prim on the fourth cluster. Based on all MRE values in each executed iteration,
the "Winner" network is determined, i.e., the ANN network with the lowest MRE value.
Additionally, the MMRE value was calculated for each iteration. The obtained value of
the "Winner" network (ANNYS) is 29.7%, and the value of MMRE is 29.7%. The required
GA criterion was met after six iterations.
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Table 54. “Winner MMRE vs. MMRE Dataset 4 (ANN-L36prim).
Tabela 54. Vrednost MMRE “Winner® mreze u odnosu na vrednost MMRE u
Dataset 4 (ANN-L36prim).

MMRE (%)
No. of Iteration 1. 2. 3. 4. S. 6.
Dataset_4 Winner 37.5% 33.2% 32.1% 31.5% 30.4% 29.7%
Dataset_4 51.1% 42.7% 35.7% 32.2% 31.1% 29.7%

Graphical representation of MMRE value for "Winner" network relative to
MMRE value on Dataset 4 during six iterations is given in Figure 42.
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Figure 42. “Winner MMRE vs. MMRE Dataset 4 (ANN-L36prim).
Slika 42. Graficka reprezentacija vrednosti MMRE “Winner* mreze u odnosu na
vrednost MMRE u Dataset 4 (ANN-L36prim).

Table 55. shows the results obtained by training the second proposed architecture
ANN-L36prim in the fourth cluster. Based on all MRE values in each executed iteration,
the "Winner" network is determined, i.e., the ANN network with the lowest MRE value.
Additionally, the MMRE value was calculated for each iteration. The obtained value of
the "Winner" network (ANNYS) is 19.0%, and the value of MMRE is 19.1%. The required
GA criterion was met after six iterations.
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Table 55. “Winner MMRE vs. MMRE Dataset 5 (ANN-L36prim).
Tabela 55. Vrednost MMRE “Winner® mreze u odnosu na vrednost MMRE u
Dataset 5 (ANN-L36prim).

MMRE (%)
No. of Iteration 1. 2. 3. 4. S. 6.
Dataset_5 Winner 33.6% 29.4% 26.4% 22.5% 20.3% 19.0%
Dataset_5 40.3% 34.5% 29.8% 27.5% 22.4% 19.1%

Graphical representation of MMRE value for "Winner" network relative to
MMRE value on Dataset 5 during six iterations is given in Figure 43.

MMRE (%)
450%  40,3%
40,0% 34,5%
350% 29,8%
300%  33,6%

25,0% 221%

19,1%
20,3% 19,0%

200% 22,5%
15,0%
10,0%

5,0%

0,0%
1 2 3 4 5 6

=@ Dataset_S Winner Dataset_5S MMRE

Figure 43. “Winner MMRE vs. MMRE Dataset 4 (ANN-L36prim).
Slika 43. Graficka reprezentacija vrednosti MMRE “Winner* mreze u odnosu na
vrednost MMRE u Dataset 5 (ANN-L36prim).

In this approach, the first proposed ANN-L12 architecture is with one hidden layer
and two nodes, and then the second proposed ANN-L36prim architecture is with also one
hidden layer and three nodes. The number of hidden layers indicates reducing the number
of iterations to achieve the stop criteria. Choice of ANN architecture with one hidden
layer did not significantly increase the number of factors. In the ANN-L12 architecture,
this number is 11, and in the ANN-L36prim is 16, which was acceptable in COSMIC FFP
approach, while experiments showed that the MMRE value was reduced by 0.9%. It is
not necessary to introduce more complex architectures because this did not require more
time for processing than other ANN architectures experimented with.
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The result that was monitored during the execution of the required iterations is the
value of MMRE, which, depending on the nature of the dataset, proved to be stable for
the two proposed architectures in all three parts of the experiment.

Datasets with a small functional size have a higher value of MMRE (Dataset 1,
Dataset 2) than datasets with a medium value of functional size (Dataset 3). Datasets
with a large functional size value have a medium MMRE value (Dataset 4, Dataset 5).
Validation datasets have different values of functional magnitude and have a higher
MMRE value. The lowest value of MMRE is achieved on Dataset 3 for the proposed
ANN-L12 architecture (17.0%), while for ANN-L36prim the value of MMRE is 16.4%.
The mean MMRE value on all datasets in all three parts of the experiment was 29.7% for
ANN-L12 and 28.8% for ANN-L36prim, see Figure 44, Table 56. Compared to the
COCOMO approach, the value of MMRE was significantly reduced by 14.5%, see Table
57.

Table 56. MMRE value for each proposed ANN architecture (COSMIC FFP).
Tabela 56. Vrednost MMRE za svaku predlozenu arhitekturu (COSMIC FFP).

Datasets ANN-L12 ANN-L36prim Part of
MMRE(%) MMRE (%) experiment
Dataset_1 36.1 36.2 Training
36.7 35.6 Testing
Dataset_2 332 32.0 Training
36.6 33.8 Testing
Dataset_3 17.0 16.4 Training
18.1 17.2 Testing
Dataset_4 29.6 29.7 Training
29.8 29.6 Testing
Dataset_5 242 19.0 Training
27.0 24.8 Testing
Dataset_6 349 39.1 Validation]
Dataset 7 332 31.8 Validation2
AVERAGE(MMRE) 29.7 28.8

Table 57. MMRE values COCOMO2000 vs. COSMIC FFP.
Tabela 57. Vrednosti MMRE u poredenju COCOMO2000 i COSMIC FFP.

Functional point - COSMIC

COCOMO model
model
ANN L-18 ANN L-27 ANN L-36 ANN L-12 ANN L-36prim
MMRE (%) MMRE (%) MMRE (%) MMRE (%) MMRE (%)
59.7 45.3 433 29.7 28.8
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Figure 44. Graphical representation of MMRE value for each proposed ANN
architecture (COSMIC FFP).
Slika 44. Graficka reprezentacija vrednostt MMRE svake predlozene arhitekture
(COSMIC FFP).
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In addition to examining MMRE value, the convergence rate on all five datasets
for the two ANN architectures was considered. It can be concluded that both architectures
ANN-L12 and ANN-L36prim converge the fastest in Dataset 5 and the slowest in
Dataset , see Figure 45, Figure 46.
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Figure 45. Convergence rate ANN-L12 (COSMIC FFP).
Slika 45. Brzina konvergencije ANN-L12 (COSMIC FFP).
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Figure 46. Convergence rate ANN-L36prim (COSMIC FFP).
Slika 46. Brzina konvergencije ANN-L36prim (COSMIC FFP).

The higher the value of the correlation coefficient, the more stable the relationship
between the observed values. By calculating the correlation coefficient between the
estimated and actual value, the reliability, accuracy, and precision of the proposed
approach can be determined. Correlation coefficients, calculated according to Pearson and
Spearman, indicate that the correlation is very high. The best result, based on the
experiment performed, is achieved on Dataset 2 and Dataset 4, while the worst outcome
is achieved on Dataset 6 and Dataset 7, see Table 58.
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Table 58. Correlation coefficients (COSMIC FFP).
Tabela 58. Korelacioni koeficijenti (COSMIC FFP).

Correlation Pearson Spearman's rho
Datasets ANN-L12 L/;grr)er;n ANN-L12 L/;grr)er;n
Dataset_1 0.859 0.756 0.884 0.785
Dataset_2 0.984 0.788 0.984 0.808
Dataset_3 0.734 0.688 0.745 0.678
Dataset_4 0.912 0.911 0.918 0.917
Dataset_5 0.767 0.618 0.715 0.918
Dataset_6 0.628 0.586 0.612 0.534
Dataset 7 0.674 0.622 0.654 0.618

By monitoring the prediction at three different values: 25%, 30%, and 50%, it is
possible to conclude the appropriate degree of certainty of the proposed approach. This
allows the best model of the presented ANN architectures to be selected. If the prediction
value is high, the proposed model is good. In our approach, the highest prediction value
of the 25% criterion is achieved on the Dataset 3 for ANN-L36prim architecture (84.1%).
The highest prediction value of the 30% criterion is conducted on the Dataset 3 for ANN-
L36prim architecture (86.4%). The prediction value of the 50% criterion is achieved again
for the ANN-L36prim architecture but within the Dataset 1 (98.1%). We can show that
in our work, prediction represents the percentage of projects that have an MRE value of
less than 25%, 30, and 50%, respectively, see Table 59.

Table 59. Prediction measured on three criteria
(COSMIC FFP).
Tabela 59. Merenje predikcije na sva tri predlozena kriterijuma (COSMIC FFP).

PRED
) P(25) P(30) P(50)

Datasets ~ ANN-L12 L/;ggji-m ANN-L12 L’;gﬁ;n ANN-L12 Lg\g}ﬂ%
Dataset_| 39.6 377 49.1 528 83.0 98.1
Dataset 2 33.3 317 413 444 69.8 82.5
Dataset 3 79.5 841 86.4 86.4 95.5 97.7
Datasct 4 42.3 423 513 513 782 80.8
Dataset 5 50.0 59.1 545 63.6 818 86.4
Dataset 6 28.6 28.6 28.6 357 78.6 78.6
Dataset 7 303 303 404 57.6 818 848

In addition to the presented criterions for monitoring the efficiency, effectiveness,
and precision of the proposed approach, the influence of the input values of the COSMIC
FFP method on the change in the MMRE value was also monitored. By omitting each
value for the four input values (Entry, Exit, Read, and Write), the change in MMRE versus
mean (MMRE) for the proposed architecture on each selected dataset was monitored. In
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this wayi, it is possible to determine the impact of each input value on the final estimated
value of the project.

When examining the influence of these input values for the ANN-L12
architecture, it can be concluded that the most significant influence has the second input
value (Exit) on Dataset 1 (5.3%) and the smallest first input value (Entry) on Dataset 6
(-1.1%). It can be concluded that the Exit value on Dataset 1 increases the MMRE value
by 5.3%, while Entry value decreases the MMRE value by 1.1%. The influence of all four
input values on all seven datasets ranges in the interval [- 1.1, 5.3]. A value of 0.0% means
that the input value does not affect the change in the MMRE value, see Figure 47, Table
60.

Table 60. Influence of input values on MMRE value (5%)) - ANN-L12 architecture.
Tabela 60. Uticaj ulaznih veli¢ina na vrednost MMRE (5(%)) - ANN-L12 arhitektura.

8(%) Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 Dataset 6 Dataset 7

Entry 33 3.7 0.2 0.0 0.3 -1.1 0.5
Exit 53 1.3 0.2 0.7 1.4 0.9 0.5
Read 4.1 -0.7 0.2 0.6 0.0 23 0.0
Write 0.6 1.3 -0.1 0.3 0.0 0.8 0.0
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Figure 47. Graphical representation of the influence of input values on MMRE value

(ANN-L12 COSMIC FFP).

Slika 47. Graficka reprezentacija uticaja ulaznih veli¢ina na vrednost MMRE (ANN-

L12 COSMIC FFP).

When examining the influence of the input values for ANN-L36prim architecture,
it can be concluded that the first input value has the most significant influence (Entry) on
Dataset 2 (3.7%). In comparison, the most negligible impact has the fourth input value
(Write) in Dataset 7 (-2.0%). It can be concluded that the Entry value on Dataset 2
increases the MMRE value by 3.7%, while the Write value decreases the MMRE value
by 2.0%. The influence of all four input values individually on all seven datasets take

values from the interval [-2.0, 3.7], see Figure 48, Table 61.
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Table 61. Influence of input values on MMRE value (5%)) - ANN-L36prim architecture.
Tabela 61. Uticaj ulaznih veli¢ina na vrednost MMRE (5(%)) - ANN-L36prim

arhitektura.
(%) Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 Dataset 6 Dataset 7
Entry 34 3.7 0.7 0.9 1.3 0.9 0.8
Exit 2.2 0.7 0.1 0.8 0.9 1.2 -0.6
Read 0.6 -0.7 0.1 1.2 1.6 1 -1.6
Write 0.4 1.1 0.4 1 0.2 1.7 -2.0
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Figure 48. Graphical representation of the influence of input values on MMRE value
(ANN-L36prim COSMIC FFP).
Slika 48. Graficka reprezentacija uticaja ulaznih veli¢ina na vrednost MMRE (ANN-
L36prim COSMIC FFP).

The COSMIC FFP measure defines a model of software functionality. By
monitoring the influence of input values (Entry, Exit, Read, Write), the value of MMRE
can be further improved depending on the user's needs, i.e. functional requirements,
depending on the software being developed. By examining the individual effects of four
different input values, it can be concluded that the most significant changes come from
Entry and Exit input values. Therefore, it is necessary to re-perform the analysis and
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additional testing of these two input values to establish if everything in their requirements
i1s necessary. Entry value represents user messages to the system. It is desirable and
possible to redesign this size and thus write it in a more suitable form to reduce its impact
on the value of MMRE. The Exit value represents the messages that the system returns in
response and can be read from files and can result from some logical, arithmetic and other
mathematical operations. This size can be redesigned and modified to reduce its impact
on MMRE. With these modifications and possible changes that will be adjusted to the
needs of the users of the system, it is possible to increase the efficiency, accuracy,
stability, and reliability of the proposed approach, and thus the success of the completion
of the software project. The models and tools are currently consolidated to estimate
software project development efforts based on functional points that express the
functional size of that program. Recent research and many companies use the COSMIC
FFP method because it is possible to assess the development effort in the initial stage
compared to previously used FPA methods.

The obtained results of the used COSMIC FFP method show that it is possible
with our approach and applied methodology to estimate the functional size quite
accurately. Remarkably, the results found tend to suggest that in the presence of a set of
projects, concerning the application domain, the nature of computation performed, and
the implementation technology, it's possible to get more accurate estimates of the
functional size (expressed either in FP or in CFP) on the premise of several base functional
components (BFC) [12]. Before presenting the requirements specification in detail, it is
possible to make an early if there is not enough time to apply some other standard
methods.

The results shown in the previous tables and figures of this approach (COSMIC
FFP) were processed in the R programming language (avaiable at: https://www.r-
project.org/) and checked in the Python programming language (avaiable at:
https://www.python.org/)  within the RStudio environment (avaiable at:
https://www.rstudio.com/products/rstudio/). The data required for statistical analysis
were processed in the IBM SPSS Statistical 25 software tool (avaiable at:
https://www.ibm.com/support/pages/downloading-ibm-spss-statistics-25).

4.3 Obtained results using UCP model and ANN

With the UCP model, it is possible to measure the size of the system similar as
with the model of functional points. This model represents system characteristics and uses
cases to estimate effort and cost needed for realization of software project. UCP is one of
the most commonly used model due to the exceptional evaluation results that can be
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achieved. The disadvantage of this model is that it does not consider the data structure in
the system because such data are not contained in the use cases.

Table 62. shows the results obtained by training the first proposed ANN-L16
architecture on the used dataset. The number of iterations concerning the required GA
criterion was monitored. The GA criterion was met after four iterations. Based on all MRE
values in each executed iteration, the "Winner" network is determined, i.e., the ANN
network with the lowest MRE value. Additionally, the MMRE value was calculated for
each iteration. The obtained value of the "Winner" network (ANNG6) is 6.7%, and the value
of MMRE is 7.1%.

In addition to examining the MMRE value, the convergence rate on all training
data for the two ANN architectures was examined. It can be concluded that the ANN-
L36prim architecture quickly converges to the minimum knowledge of MMRE compared
to the ANN-L16 architecture, see Figure 49.

Convergence rate ANN-L16 and ANN-
L36prim
0,06
0,05
0,04
0,03
0,02

delta(i)

0,01
0,00

1 2 3 4 5

Datasets

== ANN-L16 ANN-L36prim

Figure 49. Convergence rate ANN-L16 vs. ANN-L36prim (UCP).
Slika 49. Brzina konvergencije ANN-L16 u odnosu na ANN-L36prim (UCP).
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Table 62. ANN-L16 results of training part.
Tabela 62. Rezultati treniranja ANN-L16.

ﬁ:er"f 1. 2. 3.

AIT:' MRE GA MRE GA MRE GA MRE GA
ANN1 0.084 0.084  0.080  0.004 0.076 0.004  0.072  0.004
ANN2 0.196 0.196  0.112  0.084 0.082 0.030  0.073  0.009
ANN3 0.188 0.188  0.113  0.076 0.081 0.031 0.072  0.009
ANN4 0.085 0.085  0.077  0.008 0.074 0.003  0.072  0.003
ANN5 0.161 0.161 0.105  0.056 0.080 0.025  0.073  0.008
ANNG6 0.069 0.069  0.068  0.002 0.067 0.000  0.067  0.000
ANN7 0.078 0.078  0.073  0.006 0.071 0.002  0.070  0.001
ANNS 0.151 0.151 0.105  0.046 0.081 0.024  0.073  0.008
ANN9 0.191 0.191 0.120  0.071 0.076 0.044  0.072  0.004
ANN10 0.073 0.073  0.080  0.007 0.074 0.006  0.073  0.001
ANNI11 0.078 0.078  0.080  0.001 0.075 0.005  0.072  0.003
ANN12 0.130 0.130  0.084  0.047 0.074 0.010  0.070  0.003
ANN13 0.113 0.113  0.083  0.030 0.074 0.009  0.071  0.002
ANN14 0.094 0.094  0.080  0.014 0.072 0.008  0.071  0.002
ANN15 0.094 0.094  0.080  0.015 0.073 0.007  0.071  0.002
ANN16 0.102 0.102  0.082  0.021 0.074 0.008  0.071  0.002

GA 16 10 5 0

Winner  6.9% 6.8% 6.7% 6.7%

MMRE  11.8% 8.9% 7.5% 71%

A graphical representation of GA values during four iterations is shown in Figure 50.
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Figure 50. GA for ANN-L16 - training part (UCP).
Slika 50. Vrednost GA za ANN-L16 - treniranje (UCP).

A graphical representation of the MRE value for the "Winner" network relative to

the MMRE value on the training dataset during the four iterations is given in Figure 51.
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Figure 51. “Winner* MRE vs. MMRE on the training dataset (ANN-L16).
Slika 51. Vrednost MMRE “Winner* mreze u odnosu na vrednost MMRE na skupu
podataka za treniranje (ANN-L16).

Table 63. shows the results obtained by training the second proposed ANN-36prim
architecture on the used dataset. The number of iterations concerning the set GA criterion
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was monitored. The GA criterion was met after six iterations. Based on all MRE values
in each executed iteration, the "Winner" network is determined, i.e., the ANN network
with the lowest MRE value. Additionally, the MMRE value was calculated for each

iteration. The obtained value of the "Winner" network (ANN10) is 6.9%, and the value of
MMRE is 7.0%.

Table 63. ANN-L36prim results of training part.
Tabela 63. Rezultati treniranja ANN-L36prim.

ANN-L36prim

GA 36 35 23 14 3 0
Winner 7.3% 7.2% 7.1% 7.0% 7.0% 6.9%
MMRE 12.1% 9.4% 8.4% 7.5% 7.2% 7.0%

A graphical representation of GA values during six iterations is shown in Figure 52.
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Figure 52. GA for ANN-L36prim - training part (UCP).
Slika 52. Vrednost GA za ANN-L36prim - treniranje (UCP).

A graphical representation of the MRE value for the "Winner" network relative to
the MMRE value on the training dataset during six iterations is given in Figure 53.
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Figure 53. “Winner* MRE vs. MMRE on the training dataset (ANN-L36prim).
Slika 53. Vrednost MMRE “Winner* mreze u odnosu na vrednost MMRE na skupu

podataka za treniranje (ANN-L36prim).

The obtained results for the two proposed architectures, ANN-L16 and ANN-L36,
in all three parts of the experiment showed that the different nature of the data set does

not affect the complexity of the architecture used. Furthermore, it does not depend on the

value of the input values.

In the first proposed architecture, ANN-L16, all six input values were used (where

four are linearly dependent and two linearly independent), and the MMRE value in all

three parts of the experiment is 7.5%, see Table 64.
Using the second architecture ANN-L36prim with four independent input values,
the same MMRE value was obtained in all three parts of the experiment i.e. 7.5%, see

Table 64.

The error differences in individual parts of the experiment are not more than 0.5%,

indicating the proposed model's reliability.
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Table 64. MMRE value in all three parts of the experiment (UCP).
Tabela 64. Vrednost MMRE u sva tri dela eksperimenta (UCP).

ANN-L16 ANN-L36prim Part of
Datasets . ¢
MMRE(%) MMRE(%) experimen

6.7 7.0 Training

Dataset 1 .

- 7.1 7.1 Testing
Dataset 2 8.0 7.5 Validation]
Dataset 3 8.3 8.4 Validation2

AVERAGE(MMRE) 7.5 7.5

The huge values of the correlation coefficients (Pearson’s and Spearman’s rho)
further show the consistency of the actual and estimated values obtained using the
proposed models. In the ANN-L36prim architecture, Pearson’s value is 0.983, which
indicates an exceptional interrelationship between the observed values, see Table 65.

Table 65. Correlation coefficients (UCP).
Tabela 65. Korelacioni koeficijenti (UCP).

Correlation ANN-L16 ANN-L36prim
Pearson’s 0.875 0.983
Spearman’s rho 0.784 0.962

Prediction represents the number of projects that have an error less than the value
set by criterion. Prediction can further confirm the validity and reliability of the models
used. For all three proposed criteria: PRED (25), PRED (30), and PRED (50), and in all
three parts of the experiment: training, testing and validation, using both proposed
architectures, the value is 100%, see Table 66.

141198



Chapter 4: Analysis of the obtained results by applying three new, improved models

Table 66. Prediction values (UCP).

Tabela 66. Vrednosti predikcije (UCP).

Training
PRED(%) ANN-L16(%) ANN-L36prim(%)
PRED(25) 100.0 100.0
PRED(30) 100.0 100.0
PRED(50) 100.0 100.0
Testing
PRED(25) 100.0 100.0
PRED(30) 100.0 100.0
PRED(50) 100.0 100.0
Validation1
PRED(25) 100.0 100.0
PRED(30) 100.0 100.0
PRED(50) 100.0 100.0
Validation2
PRED(25) 100.0 100.0
PRED(30) 100.0 100.0
PRED(50) 100.0 100.0

By examining the influence of dependent and independent variables on the change

of MMRE value, it was shown that it is sufficient to use a four-dimensional vector instead

of a six-dimensional vector. The error with dependent input values on the four datasets
used is between -0.3 to 0.5, which is less than 1%. The most significant influence has the
input value of AUCP (Dataset 3), and the change in the value of MMRE is, in that case,
is increased by 0.5%. The slightest influence has the input value of UUCW (Dataset 4),
and the change in the value of MMRE is, in this case, is decreased by 0.5%, which would

mean that the error can be reduced/increased if the observed values are further analyzed.

It can be concluded that the architecture with six input sizes can be replaced with
the architecture with four input sizes. That is, in the observed approach, the ANN-L16

architecture can be replaced with the ANN-L36prim architecture, see Table 67.

Table 67. Influence of the input values on the MMRE change (UCP).
Tabela 67. Uticaj ulaznih veli¢ina na promenu vrednosti MMRE (UCP).

Dataset MMRE UAW UuCcw UUCP TCF ECF AUCP
Dataset 1 6.7% 7.1% 6.7% 7.0% 6.7% 6.7% 7.1%
Dataset 2 7.0% 7.1% 7.0% 7.2% 6.9% 7.1% 7.2%
Dataset 3 8.0% 7.9% 8.1% 7.9% 8.1% 8.1% 7.5%
Dataset 4 8.3% 7.9% 8.4% 7.9% 8.3% 8.2% 8.0%
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From Table 68, it can be concluded that the dependent variable UUCP has less
impact than the dependent variable AUCP. The most significant influence of AUCP
(Dataset_3) on the change in MMRE value is 0.5%. The slightest influence of AUCP
(Dataset_1) on the change in MMRE value is -0.3%.

Table 68. Influence of dependent variables (UUCP and AUCP) on the change of

MMRE value.
Tabela 68. Uticaj zavisnih promenljivih (UUCP and AUCP) na promenu vrednosti
MMRE.

Dataset uuce g-UUCP=MMRE-UUCP AUCP g-AUCP=MMRE-AUCP
Dataset 1 6.9% -0.1% 6.8% -0.3%
Dataset 2 7.1% -0.1% 7.1% -0.1%
Dataset_3 8.0% 0.1% 8.0% 0.5%
Dataset_4 8.2% 0.2% 8.2% 0.2%
max 0.2% max 0.5%
min -0.1% min -0.3%

A graphical representation of the dependent input values of UUCP and AUCP
with the values of their errors is given in Figure 54.

UUCP and AUCP influence
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Figure 54. Influence of dependent variables (UUCP and AUCP) on the
change of MMRE value.
Slika 54. Uticaj zavisnih promenljivih (UUCP and AUCP) na promenu vrednosti
MMRE.
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The results shown in the previous tables and figures for this approach (UCP) were
processed in the R programming language (avaiable at: https://www.r-project.org/) and
checked in the Python programming language (avaiable at: https://www.python.org/)
within the RStudio environment (avaiable at: https://www.rstudio.com/products/rstudio/).
The data required for statistical analysis were processed in the IBM SPSS Statistical 25
software tool (avaiable at: https://www.ibm.com/support/pages/downloading-ibm-spss-
statistics-25).

4.4 Analysis of three proposed models

Comparative analysis of the parametric COCOMO2000 method with the
improved COCOMO2000 by use of ANN leads us to the conclusion that reduction of the
model error is 193.1/43.3=4.5 times. In the second proposed approach, comparing the
parametric method COCOMO2000 and the improved COSMIC FFP with ANN, the
model error reduction is 193.1/28.8=6.7 times. Compared to the parametric
COCOMO2000 method with UCP and ANN, the model error reduction is 193.1/7.5=25.7
times Table 69, Figure 55.

In the first proposed approach, the lowest model error value is 43.3% for ANN-
L36 architecture. In the second proposed approach, the lowest error value is achieved with
ANN-L36prim and it is 28.8%. In the third proposed approach, both proposed
architectures ANN-L16 and ANN-L36prim give the lowest model error value of 7.5%,
see Table 69, Figure 55.

It can be concluded that the third proposed UCP approach achieves the lowest
MMRE value. In addition, the ANN-L16 architecture in this approach quickly converges
and reaches the "stop criterion" after the 4th iteration, which is also the lowest number of
iterations performed concerning all used architectures in all three proposed approaches.

The influence of dependent variables on the change of MMRE value in the ANN-
L16 architecture is less than 0.5%. It can be concluded that the improved UCP model
using the ANN-L16 architecture is the best-proposed estimator of effort and cost for
software project development.

Table 69. MMRE values for used approaches.
Tabela 69. Vrednosti MMRE u kori§¢enim pristupima.

MMRE(%) COCOMO2000 and ANN COSMIC FFP and ANN UCP and ANN
COCOMO20 ANN- ANN- ANN- ANN- ANN- ANN- ANN-LI6 ANN-
00 L9 L18 L27 L36 L12 L36prim L36prim
193.1% 72.0% 59.7% 45.3% 43.3% 29.7% 28.8% 7.5% 7.5%
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Figure 55. MMRE value for used approaches.
Slika 55. Vrednosti MMRE u kori§¢enim pristupima.

By selecting the best ANN architectures, which achieved the lowest MMRE value
for each of the three proposed, improved models, it can be concluded that: COSMIC FFP
with ANN is 43.3/28.8=1.5 times better than COCOMO2000 with ANN; UCP with ANN
1s 48.8/7.5=5.8 times better than COCOMO2000 with ANN; UCP with ANN is
28.8/7.5=3.8 times better than COSMIC FFP with ANN, see Table 70.

Table 70. COCOMO2000 and ANN vs. COSMIC FFP and ANN vs. UCP and ANN.
Tabela 70. Poredenje vrednosti MMRE za COCOMO2000 i ANN, COSMIC FFP i

ANN 1 UCP 1 ANN.
COCOMO2000 and ANN  COSMIC FFP and ANN UCP and ANN
MMRE(%) ANN-L36 ANN-L36prim ANN-L16  ANN-L36prim
’ 43.3% 28.8% 7.5% 7.5%
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During the software product development, various data are collected and used. By
applying different machine learning tools, numerous analyses are performed, and specific
conclusions are drawn based on which important decisions related to project
implementation success are made [114], [115]. A huge number of tasks in the estimation
process can be presented as machine learning problems. When it comes to artificial neural
networks, the training procedure provides a large number of possibilities for solving the
presented problem. It is essential to experiment with sufficiently available realistic
projects to evaluate the new proposed solutions and projects accurately [119].

The information environment is constantly evolving and needs to be adjusted
quickly and efficiently process of effort and cost estimation. Problems that remain
insufficiently defined during ANN estimation are a division of the dataset into clusters,
the optimal number of projects within each dataset, and various algorithms to check the
size of the cluster concerning the number of weighting coefficients by various statistical
analyses.

In addition to experiments with the three proposed new models and several
different ANN architectures, it is necessary to experiment with new methods to achieve
further improvements of cost and effort estimation. These are experimenting with:
selecting other activation functions and encoding/decoding methods, monitoring and
checking the influence of input variables on the change of relative error, and many others.
Of course, the proposed models have more advantages than disadvantages comparing to
similar traditional methods. However, each parameter that affects the estimation must be
additionally analyzed and checked several times and applied in experiments in different
ways.

5.1 Number of projects in the data set

Depending on the proposed approaches, the training process on different ANN
architectures also involves use of specific datasets. The choice of appropriate datasets
depends on the model and input sizes, as well as publicly available databases.

In the first proposed approach, for the ANN training procedure, the
COCOMO2000 dataset was used. The same dataset was used for the ANN testing process
on other projects, and the validation process used COCOMOS81, NASA60, and Kemerer
datasets. On each selected dataset, the number of projects needs to be greater than the
number of weighting factors of the proposed ANN architecture.
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For ANN-L9, ANN-L18 and ANN-L27 architectures, the set requirement for the
minimum number of projects is met on all data sets used, see Table 71.

In the ANN-L36 architecture, which has 23 weighting coefficients, the number of
testing projects was 20, so the required condition is not met (Dataset 2). In the ANN-L36
architecture, which has 23 weighting coefficients, the number of projects for the third
validation was 15, so the required condition is not met (Dataset 5).

It can be concluded that in all parts of the experiment within the first proposed
approach, the fulfillment of the conditions is 90%, see Table 71.

Table 71. The number of projects greater than the number of weighting factors
(COCOMO2000).
Tabela 71. Broj projekata vec¢i od broja tezinskih koeficijenata (COCOMO2000).

Weighting factors (coefficients)

Datasets No. of Experiment ANN-L9 ANN-L18 ANN-L27  ANN-L36
projects “ (®) (13) (23)
Dataset 1 COCOMO2000 100 Training + + + +
Dataset 2 COCOMO2000 20 Testing + + + /
Dataset 3 ~ COCOMOSI1 51 Validationl + + + +
Dataset 4 NASA 60 Validation2 + + + +
Dataset 5 Kemerer 15 Validation3 + + + /

In the second proposed approach, the ISBSG dataset divided into five selected
clusters was used for the ANN training process. The same dataset in the five selected
clusters was used for the ANN testing procedure. The number of projects in both
procedures on each selected cluster is 70:30; 70 projects were used for training, and 30
projects for testing. Desharnais dataset and dataset combined from different, realistic
industrial projects were used for the validation process. On each selected dataset, the
number of projects needs to be greater than the number of weighting factors of the
proposed ANN architecture.

In the ANN-L12 architecture, which has 11 weighting coefficients, only the
number of projects to be tested was 7, so the required condition is not met for one data set
(Dataset_5).

With the ANN-L36prim architecture, which has 16 weighting coefficients, the
number of testing projects is 15, so the set condition is not met (Dataset 1). The number
of projects for testing was 13 (Dataset 3), so within the third cluster, the required
condition is not met. The number of training and testing projects (Dataset 5) was 14, 7,
respectively. Within the Desharnais dataset (Dataset 6), the number of projects was 14,
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and the set condition is not fulfilled. The number of data sets that fulfill the criteria was 7
of 12, see Table 72.

It can be concluded that in all parts of the experiment under the second proposed
approach, the fulfillment of the conditions is 75%, see Table 72.

Table 72. The number of projects greater than the number of weighting factors
(COSMIC FFP).
Tabela 72. Broj projekata vec¢i od broja tezinskih koeficijenata (COSMIC FFP).

Number Welghtf?g factors
Datasets of Experiment (coefficients)
roiect ANN-L12  ANN-L36prim
prol (11) (16)

Dataset 1  ISBSG (Functional Size<10) 37 Training + +

ISBSG (Functional Size<10) 15 Testing + /
ISBSG (10<Functional .

Dataset 2 Size<50) 45 Training + +
ISBSG (10<Functional .

Size<50) 17 Testing + +
ISBSG (50<Functional .

Dataset 3 Size<100) 30 Training + +
ISBSG (10<Functional .

Size<100) 13 Testing + /
ISBSG (100<Functional .

Dataset 4 Size<500) 60 Training + +
ISBSG (10<Functional .

Size<500) 17 Testing + +
ISBSG (Functional .

Datset 5 Size>500) 14 Training + /
ISBSG (Functional .

Size>500) 7 Testing / /

Dataset 6 Desharnais 14 Validationl + /

Dataset 7 Combined 33 Validation2 +

In the third proposed approach, for the ANN training process, the Benchmark
(Mendeley) dataset divided into a 70:30 scale, 70% of projects for the training process,
and 30% for the testing process were used. Combined real, industrial projects (Dataset 3,
Dataset 4) were used for the validation procedure. On each selected dataset, the number
of projects needs to be greater than the number of weighting factors of the proposed ANN
architecture.

In the ANN-L16 architecture, which has 15 weighting coefficients, the condition
i1s met that the number of projects for all parts of the experiments is greater than the
number of weighting coefficients. With the ANN-L36prim architecture, which has 16
weighting coefficients, the condition is met that the number of projects for all parts of the
experiment is greater than the number of weighting coefficients.

It can be concluded that in all parts of the experiment within the third proposed
approach, the fulfillment of the conditions is 100%, see Table 73.
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Table 73. The number of projects greater than the number of weighting factors (UCP).
Tabela 73. Broj projekata vec¢i od broja tezinskih koeficijenata (UCP).

Weighting factors
Dataset I\Im(:lfber Experiment (coefficients)
; P ANN-L16  ANN-L36prim

projects (15) (16)

Dataset 1 UCP Benchmark 50 Training + +
- Dataset
UCP Benchmark .

Dataset 2 Dataset 21 Testing
Dataset 3 Combined 18 Validationl +
Dataset 4 Combined 17 Validation2 + +

Industrial projects

5.2 Comparative analysis of proposed models with SVM
algorithm

In order to confirm the correctness and reliability of the proposed approach and its
comparison with other artificial intelligence tools, the Support Vector Machine (SVM)
algorithm was used. SVM is a popular machine-learning (ML) algorithm and stems from
the use of observed data for training. The SVM is a robust and proficient technique for
both classification and regression. In addition, it minimizes the expected error, thus
reducing the problem of overfitting [131], [132], [133]. The SVM machine algorithm
divides the plane by the function fsyy into two parts, so that the points (project input
values) lie above or below the function fsyy. Three different functions inside a kernel in
SVM with radial basis function (RBF) were used:

e linear kernel function,
e quadratic kernel function,
e cubic kernel function.

The obtained results show that the estimated value in the training part of the
experiment for ANN-L27 and ANN-L36 architectures, based on three input variables of
E, PEM;, and KLOC, have a very high degree of correlation (deterministic coefficient-
R?). Graphical representations of the actual and estimated values using the SVM algorithm
and the corresponding kernel functions for both architectures are shown in Figure 56,
Figure 57, and Figure 58.
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Figure 56. Graphical representation using different kernel functions based on SVM
(RBF) for ActEffort on the training dataset (COCOMO2000).
Slika 56. Graficka reprezentacija ActEffort koriS¢enjem razli¢itih funkcija jezgra
zasnovana na SVM (RBF) u skupu podataka za treniranje.
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Figure 57. Graphical representation using different kernel functions based on SVM
(RBF) for EstEffort on the training dataset (ANN-L27).
Slika 57. Graficka reprezentacija EstEffort koriS¢enjem razli€itih funkcija jezgra
zasnovana na SVM (RBF) u skupu podataka za treniranje (ANN-L27).
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Figure 58. Graphical representation using different kernel functions based on SVM
(RBF) for EstEffort on the training dataset (ANN-L36).
Slika 58. Graficka reprezentacija EstEffort koriS¢enjem razli€itih funkcija jezgra
zasnovana na SVM (RBF) u skupu podataka za treniranje (ANN-L36).

The MMRE value for all three kernel functions used in the SVM algorithm is
higher (60% for ANN-L27 architecture and 56.3% for ANN-L36 architecture) than the
proposed approach using ANN and Taguchi Orthogonal Arrays, see Table 74. For ANN-
L27 architecture using Taguchi Orthogonal Arrays and the COCOMO2000 model the
MMRE value is 45.3%, and for ANN-L36 is 43.3%.

Additionally, the estimated value obtained using the improved COCOMO2000
model was confirmed by the high value of the deterministic coefficient - R, using three
different kernel functions. This once again confirmed that the datasets were adequately
divided into clusters.

Table 74. R? values using different kernel functions based on SVM (RBF) -
COCOMO02000.
Tabela 74. Vrednosti R? koris¢enjem razli¢itih funkcija jezgra zasnovana na SVM
(RBF) - COCOMO2000.

Act Effort EstEffort 27 EstEffort 36
R’ Linear 0.703 0.913 0.984
R? Quadratic 0.718 0.923 0.984
R? Cubic 0.719 0.927 0.984
MMRE (%) 60.0 56.3
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The obtained results show that the estimated value in the training part of the
experiment for ANN-L12 and ANN-L36prim architectures, based on four input variables
of Entry, Exit, Read, and Write, have a very high degree of correlation (deterministic
coefficient - R?). Graphical representations of the actual and estimated values using the
SVM algorithm and the corresponding kernel functions for both architectures are shown
in Figure 59, Figure 60, and Figure 61.
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Figure 59. Graphical representation using different kernel functions based on SVM
(RBF) for Functional Size on the training dataset (COSMIC FFP).
Slika 59. Graficka reprezentacija funkcionalnih tacaka koriS¢enjem razli¢itih funkcija
jezgra zasnovana na SVM (RBF) u skupu podataka za treniranje (COSMIC FFP).
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Figure 60. Graphical representation using different kernel functions based on SVM
(RBF) for EstEffort on the training dataset (ANN-L12).
Slika 60. Graficka reprezentacija EstEffort koriS¢enjem razli€itih funkcija jezgra
zasnovana na SVM (RBF) u skupu podataka za treniranje (ANN-L12).
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Figure 61. Graphical representation using different kernel functions based on SVM
(RBF) for EstEffort on the training dataset (ANN-L36prim COSMIC FFP).
Slika 61. Graficka reprezentacija EstEffort koriS¢enjem razli€itih funkcija jezgra
zasnovana na SVM (RBF) u skupu podataka za treniranje (ANN-L36prim COSMIC

FFP).
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The MMRE value for all three kernel functions used in the SVM algorithm is
higher (38.1% for ANN-L12 architecture and 35.7% for ANN-L36prim architecture) than
the proposed approach using ANN and Taguchi Orthogonal Arrays, see Table 75. For
ANN-L12 architecture using Taguchi Orthogonal Arrays and the COSMIC FFP model
the MMRE value is 29.7%, and for ANN-L36prim is 28.8%.

Additionally, the estimated value obtained using the improved COSMIC FFP
model was again confirmed by the high value of the deterministic coefficient - R?, using
three different kernel functions. This once again confirmed that the datasets were
adequately divided into clusters.

Table 75. R? values using different kernel functions based on SVM (RBF) - COSMIC
FFP.
Tabela 75. Vrednosti R? kori$¢enjem razli¢itih funkcija jezgra zasnovana na SVM
(RBF) - COSMIC FFP.

Act Effort EstEffort 12 EstEffort 36prim
R’ Linear 0.958 0.743 0.962
R? Quadratic 0.958 0.799 0.963
R? Cubic 0.959 0.803 0.963
MMRE (%) 38.1 35.7%

The obtained results show that the estimated value in the training part of the
experiment for ANN-L16 and ANN-L36prim architectures, based on four input variables
of UAW, UUCW, TCF, ECF, UUCP, and AUCP have a very high degree of correlation
(deterministic coefficient - R?). Graphical representations of the actual and estimated
values using the SVM algorithm and the corresponding kernel functions for both
architectures are shown in Figure 62, Figure 63, and Figure 64.
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Figure 62. Graphical representation using different kernel functions based on SVM
(RBF) for Real Effort on the training dataset (UCP).
Slika 62. Graficka reprezentacija stvarnog napora koriS¢enjem razlicitih funkcija jezgra
zasnovana na SVM (RBF) u skupu podataka za treniranje (UCP).
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Figure 63. Graphical representation using different kernel functions based on SVM
(RBF) for EstEffort on the training dataset (ANN-L16).
Slika 63. Graficka reprezentacija EstEffort koriS¢enjem razli€itih funkcija jezgra
zasnovana na SVM (RBF) u skupu podataka za treniranje (ANN-L16).
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Figure 64. Graphical representation using different kernel functions based on SVM
(RBF) for EstEffort on the training dataset (ANN-L36prim UCP).
Slika 64. Graficka reprezentacija EstEffort koriS¢enjem razli€itih funkcija jezgra
zasnovana na SVM (RBF) u skupu podataka za treniranje (ANN-L36prim UCP).

The MMRE value for all three kernel functions used in the SVM algorithm is
higher (13.2% for ANN-L16 architecture and 13.5% for ANN-L36prim architecture) than
the proposed approach using ANN and Taguchi Orthogonal Arrays, see Table 76. For
ANN-L16 architecture using Taguchi Orthogonal Arrays and the UCP FFP model the

MMRE value is 7.5%, and for ANN-L36prim is 7.5%.

Additionally, the estimated value obtained using the improved UCP model was
once again confirmed by the high value of the deterministic coefficient - R?, using three
different kernel functions. This once again confirmed that the datasets were adequately

divided into clusters.

Table 76. R? values using different kernel functions based on SVM (RBF) - UCP.
Tabela 76. Vrednosti R? koris¢enjem razli¢itih funkcija jezgra zasnovana na SVM

(RBF) - UCP.

Act Effort EstEffort 16

EstEffort 36prim

R? Linear 0.390 0.936
R?Quadratic  0.508 0.947
R? Cubic 0.515 0.959
MMRE (%) 13.2% 13.5%

156 | 198



Chapter 5: The problem of generalization

Based on the obtained results, it can be concluded that our proposed approach is
stable, reliable, and efficient even when compared by other machine-learning tools like
SVM algorithm.

5.3 Construction and complexity of ANN architecture

One of the goals in all three proposed models is to select the simplest ANN
architecture that meets the additionally set criteria:

- minimum number of iterations performed, reduced estimation time,

- the simplest ANN architecture that converges the fastest,

- minimum MMRE value,

- use of clustering and fuzzification methods and sigmoid function as activation

function,
- stop criterion GA to stop the number of iterations.

The choice of architecture depends on the number of input values, the number of
weight coefficients, and the corresponding orthogonal vector plan. Each proposed model
has an architecture constructed based on two or three levels or a combined orthogonal
vector plan. Experiments always use the simplest possible architecture, then add nodes to
the hidden layer in and finally increase the number of hidden layers.

From Table 77, it can be concluded that the number of input values in the
COCOMO2000 model is three, in the COSMIC FFP is four, while in the UCP model, it
1s six or four. The ANN-L9 architecture has no hidden layer but is constructed based on
the orthogonal vector plan L9. Only the ANN-L36 architecture has two hidden layers: in
the first hidden layer it has three nodes, while in the second hidden layer it has two nodes.
All other used ANN architectures have one hidden layer. The number of nodes in the
hidden layer is equal to zero in ANN-L9, 5 in ANN-L36, while in all other cases, it is
equal to two or three. For each of the three proposed models, one output value is
calculated, which represents the estimated value.
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Table 77. Characteristics of ANN architecture.
Tabela 77. Karakteristike ANN arhitekture.

COCOMO2000 COSMIC FFP UCP

Architecture ANN-L9 ANN-L18 ANN-L27 ANN-L36 ANN-L12 ANN-L36prim ANN-L16  ANN-L36prim

Input values 3 3 3 3 4 4 6 4
No. of hidden

layers 0 1 1 2 1 1 1 1
No. of nodes in

hidden layer 0 2 3 3+2 2 3 2 3
Output value 1 1 1 1 1 1 1 1

5.4 ANN convergence rate and the number of performed
iterations

One of the goals of the new, improved models is to achieve the minimum number
of iterations performed in order to reduce the time required for estimation. For each of the
four listed ANN architectures, Table 78 gives the number of iterations that need to be
performed to meet the set value for Gradient Descent criterion. The minimum number of
iterations required to be performed is for the ANN-L27 and ANN-L36 architectures for
small and medium clusters. The most significant number of iterations needs to be
performed for the ANN-L18 architecture and it is nine iterations. It can be concluded that
the number of required iterations is minimal (equal to nine), which leads to rapid
estimation using the COCOMO2000 model.

The number of required iterations in the second COSMIC FFP approach for both
proposed architectures is six, except for the ANN-L12 architecture, where for Dataset 1
and Dataset 3, it is five. It can be concluded that the number of required iterations is also
minimal (equal to six), which leads to an even faster estimation using the COSMIC FFP
model, see Table 79.

In the first proposed ANN-L16 architecture for the UCP model, it is necessary to
perform four iterations to meet the set GA criterion. For ANN-L36rpim architecture, the
number of iterations is equal to six. It can be concluded that the number of required
iterations is the smallest comparing two other models (equal to six), which leads to an
even faster estimation using the UCP model, see Table 80.
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Table 78. Number of iterations performed for each ANN architecture - COCOMO2000.
Tabela 78. Broj izvrSenih iteracija za svaku ANN arhitekturu - COCOMO2000.

COCOMO2000 model

ANN-L9 ANN-L18 ANN-L27 ANN-L36
No. of Small ~ Medium  Large Small Medium  Large  Small  Medium Large Small ~ Medium Large
Iteration cluster cluster cluster cluster cluster cluster  cluster cluster cluster cluster cluster cluster
GA<0.01 7 6 8 7 6 9 5 5 8 5 5 7

Table 79. Number of iterations performed for each ANN architecture - COSMIC FFP.
Tabela 79. Broj izvrSenih iteracija za svaku ANN arhitekturu - COSMIC FFP.

COSMIC FFP model

ANN-L12 ANN- L36prim
No. of Dataset_1 Dataset 2 Dataset 3  Dataset 4 Dataset_5 Dataset_1 Dataset_2 Dataset_3 Dataset_4 Dataset_5
Iteration
GA<0.01 S 6 S 6 6 6 6 6 6 6

Table 80. Number of iterations performed for each ANN architecture - UCP.
Tabela 80. Broj izvrSenih iteracija za svaku ANN arhitekturu - UCP.

UCP model
No. of )
Iterattion T V\-L16  ANN-L36prim
GA<0.01 Traglmg Tra16nmg

In all three proposed approaches, the minimum number of iterations required to
meet the GA criterion is 4 in the UCP model for the ANN-L16 architecture. It can be
concluded that this architecture converges the fastest to the minimum value of MMRE.

5.5 Activation function choice and encoding/decoding method

During the research, for all experiments of all three proposed approaches, different
activation functions in the hidden and output layers were used. Various functions have
been experimented with, such as sigmoid function, hyperbolic tangent, Gaussian function,
and others. The sigmoid function gave the best results in all experiments, i.e., the smallest
MMRE value, and it was used in all three proposed improved models.

Different coding methods were used to homogenize the different nature of the
input values: the fuzzification method, the logarithmic method, the combined method, and
others. The best results were achieved in all experiments with the fuzzification method
used in all three proposed models.
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5.6 Threats to validity

In this chapter, the threats and validity of the proposed models in all three
approaches will be explained in order to identify potential problems that can help to
further improve future research in the field of software project estimation. The main
validity aspects are: Internal validity, External validity, Construction validity, and
Conclusion validity.

Internal validity

The choice of the set of methods used in all three proposed models represents the
potential internal validity of the software effort . The proposed methods of clustering and
fuzzification and the assignment of weighting coefficients to different ANN architectures
are threats that have been addressed using hyperparametric optimization using the
Taguchi method based on orthogonal vector plans. This method has proven to be an
effective tool for robust design, i.e., as a good, new technique for optimizing software
products. The used Taguchi method includes different input values depending on the three
used models. The input values are combined with the weighting coefficients using the
sigmoid activation function of the hidden and output layers to obtain the estimated value.
From the simplest to the most complex, different ANN architectures were used until the
obtained MRE value becomes less than 1%. The application of ANN constructed on
Taguchi's orthogonal vector plans confirmed the reliability, stability, and efficiency of the
proposed models. The proposed Orthogonal Array Tunning Method (OATM) gives good
results while requiring a much smaller number of experiments to find the minimum value
of MMRE. Using OATM, hyperparameters are represented by levels. In the three
proposed models, two levels L1 and L2 or three levels L1, L2, and L3 were used,
depending on the orthogonal vector plan used. The optimal set of parameters constructed
in this way gives the best basis for each experiment.

External validity

The obtained results in all three proposed models can be used and applied in other
areas, not only in the field of software project estimations. For all three parts of the
experiment: training, testing, and validation, several publicly available data sets with real
values of given projects were used, such as COCOMO2000, COCOMOS81, NASAG60,
NASA93, Desharnais, Kemerer, ISBSG, UCP Benchmark (Mendeley) and other
combined industrial made up of real projects. The obtained results showed the same
efficiency even when using different ANN architectures in three different approaches.
The method of halving the interval and reducing the values of the weight coefficients of
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each subsequent iteration leads to rapid convergence that gradually tends towards the
values of minimum costs and effort. This approach is simple and leads to finding the
minimum MMRE value with fewer iterations performed being less than 10. Three orders
of magnitude reduce the search interval by less than 10 steps. The obtained results can
still be checked on new data sets.

Construction validity

Different ANN architectures were used in all three proposed improved models,
based on Taguchi's orthogonal vector plans. Depending on the proposed model, the input
values and weight coefficients of the corresponding orthogonal vector plan are combined.
The algorithm by which each step is performed is presented in detail and methodology of
each proposed and improved model is explained (see Chapter 3). Since one of the goals
1s to select the simplest architecture, which converges the fastest to the minimum value of
MMRE, stability and reliable estimation accuracy are achieved, which is lower than other
software development effort estimation models. The Gradient Descent criterion was also
introduced to know when to run iterations when the ANN architecture converges to the
final error value. In all experiments, for all ANN architectures, the "stop criterion" was
achieved after a maximum of 9 iterations, while the best architecture in the UCP model
has a maximum of 4 iterations.

Conclusion validity
The experiments presented in this dissertation have been repeatedly checked and

validated on different data sets, using different ANN architectures and with a minimum
number of iterations performed.
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scientific contribution

The research realized in this doctoral dissertation has shown that better, improved
models can be constructed based on existing methods of estimating effort and costs that
give better results. The applied scientific methods that have been presented can help
advance this area of software engineering. The new, applied methodology does not
exclude the possibility of applying a subjective estimation of effort and costs, but can help
the project team, pointing out potential problems due to discrepancies in the different
methods. In this way, teams can perform additional analysis to better assess and correct
the results in the shortest possible time. Otherwise, project teams would have to take over
their own risk if the only is their subjective opinion.

The obtained results can help project teams, software engineers, and test engineers
to make short-term plans with the high and long-term reliability of estimation. Therefore,
the teams can can realize all phases of analysis and design and complete the project on
time with great certainty. If additional realization is needed, it is possible to anticipate the
effort and costs for each project task to be realized in quality and optimal way.

This dissertation presents three models for estimating the effort and costs of
developing projects with an accuracy better than the accuracy of the previously existing
original methods (see Chapter 3):

- new, improved COCOMO2000 with ANN,

- new, improved COSMIC FFP with ANN, and

- new, improved UCP with ANN.

Depending on clients' historical data, it is possible to choose one of the three
proposed approaches and accurately, efficiently, and reliably assess the success of the
implementation of the planned tasks. The application of scientific methods and proposed
models can help software engineering reach a higher level of maturity. In particular, the
probability of successful completion of software projects is not at a satisfactory level. It
has been shown that software engineering can have much helpful information based on
reliable scientific methods when it comes to the domain of software effort estimation.

The research presented in this dissertation has shown that new, improved models
for estimating the effort and costs to implement software projects constructed using three
different approaches can gain better results than previously used methods and models. It
is also possible to combine the proposed models in order to estimate the software effort
successfully.

All three proposed, improved models are used as a fundamental tool of an artificial
neural network, so it is possible to solve many problems that are not only related to the
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field of software engineering. It is possible to apply them in other areas and problems that
cannot be solved by classical means of computer technology.

In addition to the application of the proposed methodology in the field of software
engineering, it is also possible to apply the proposed models in other areas such as signal
processing, image and speech recognition, recognition and processing of natural
languages and different knowledge, recognition of printed texts, and others. They can also
be successfully used in the medical sciences to construct various software solutions to
diagnose a vast number of diseases. Also, they can be used in meteorology for forecasting
weather conditions. Furthermore, they can be relevant in nuclear science, robotics,
automatic control, telecommunications, financial, and banking services.

A company or individual can use three different proposed models depending on
the data they collect and their needs. In addition, all three proposed approaches can be
used together in the same time to obtain more stable, reliable, and accurate effort and cost
estimation results.

Numerous new applications of the proposed models of artificial intelligence are
expected in the future. Future research will focus on constructing models in solving the
problem of cybercrime.
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In the first proposed, improved COCOMO2000 model, four different ANN
architectures, five different datasets divided into three clusters, an activating sigmoid
function, a fuzzification method, and a Taguchi method for estimating effort and cost were
used. Based on all experiments, the approach constructed in this way ensures the
reliability and stability of the obtained results, which was shown by monitoring the values
of MMRE. It can be concluded that the convergence rate of each proposed architecture
depends on the cost effect function and the nature of the projects in the different used
datasets. The more complex the ANN architecture, the higher the convergence rate, the
shorter the time it takes to perform the required iterations and achieve the minimum
MMRE and vice versa. By dividing each data set into clusters and using the fuzzification
method, the heterogeneous structure of the project can be partially mitigated, making the
proposed model sufficiently stable, flexible, and reliable.

It can be concluded that the ANN-L36 architecture gave the best results, i.e., the
lowest value of MMRE within the COCOMO2000 approach following all parts of the
experiment.

The main advantages of this model are:

- the number of iterations is in the range of five to ten - which means shorter effort
estimation time thanks to the convergence speed and simple architectures of each
proposed ANN,

- use of simple ANN architectures,

- high actual effort coverage on used datasets, and

- minimal MMRE.

A possible drawback is finding new methods that could further reduce the value
of MMRE. There are no particular limitations in applying this approach, precisely because
of experimentation with several proposed ANN architectures and high coverage of project
values.

Another proposed, improved COSMIC FFP model in this dissertation has shown
that two different ANN architectures based on Taguchi Orthogonal Arrays can further
reduce the MMRE value. The COSMIC FFP model belongs to a group of approaches
based on user functional requirements using four input values. In this model, the ISBSG
dataset, clustering method for input values and the fuzzification method were used to
control and mitigate different project structures.

It was concluded that models constructed from the two proposed ANN
architectures (ANN-L12 and ANN-L36prim) give a significantly lower MMRE value that
differs by about 14.5% compared to the previous experiment realized on the improved
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COCOMO2000 model. The obtained results show that the difference in MMRE of the
more complex ANN-L36prim architecture is 0.9% lower than for the ANN-L12
architecture.

The efficiency and stability of the proposed model were confirmed by calculating
two correlation coefficients. Monitoring the prediction on three different criteria further
confirmed the accuracy and reliability of this model. In addition to calculating the MMRE
value, the influence of the input values of the used COSMIC FFP model on the change of
the MMRE value on each of the seven used datasets was examined.

The main advantages of the proposed approach are:

- the number of iterations is in the range of five to six - which significantly reduces

the estimation time,

- use of simple ANN architectures,

- optimization of proposed ANN architectures using Taguchi Orthogonal Arrays,

- high coverage of different values of functional size of software projects,

- ISBSG repository of data on real projects collected from different companies.

There are no specific limitations in this approach, and it can be applied in various
fields of business and science domains, such as medicine, recognition of patterns and
images, nuclear science, and others.

The third proposed, improved UCP model uses two different ANN architectures
and four different datasets, a sigmoid activation function, a fuzzification method, and a
Taguchi method to estimate the effort and cost of software development. By monitoring
the MMRE value and the convergence rate of each of these architectures, this model gives
much better results compared to the previous two models.

Based on three performed parts of the experiment, it was concluded that the ANN-
L16 architecture converges after the fourth iteration and gives an MMRE value of only
7.5%, which 1s 35.8% better than the first COCOMO2000 model. The error value of the
UCP model is 21.3% lower than for the other proposed COSMIC FFP model. Following
the prediction through all parts of the experiment, both ANN architectures of this model
have a value of 100%, which means that the model is exact, accurate, and reliable. In
addition to the MMRE value, the influence of the dependent variables UUCP and AUCP
was monitored to check the influence on the change in the MMRE value. The resulting
error is less than 0.5%, so it can be concluded that the ANN-L36prim architecture and
vice versa can replace the ANN-L16 architecture.

The main advantages of this model are:

- the number of iterations is in the interval from four to six - which means reduced
effort estimation time thanks to the exceptional convergence rate of both
architectures,

- two simple proposed ANN architectures,

- high coverage of different real effort values and the lowest MMRE value of
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7.5%.

A possible drawback is the finding of new methods that could further reduce the
value of MMRE. However, there are no specific limitations in applying this approach.
This model can be used alone or in combination with the previous two depending on the
company's historical data for which the software is implemented. Although not as
standardized as the previous two, it is increasingly used by software companies, software
engineers, and teams to assess the effort required to implement software projects
effectively.

The proposed, improved models can serve as an idea for constructing one or more
tools that will accurately, efficiently, and reliably estimate the effort and costs during the
various stages of software project development. In addition, these models can be used by
software companies, software engineers, and technical project managers to obtain fast and
accurate results for the reliable and stable estimation of all anticipated project
implementation requirements. This can further reduce the problems most commonly
encountered by professionals and teams in this area of software engineering.
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ProSireni Izvod

Predmet istrazivanja

Procena napora i1 troSkova je od izuzetnog znaCaja za uspeSnu realizaciju
softverskih projekata. Vreme izrade projekta je bitan faktor, kako za narucioce projekta
tako 1 za realizatore projekta. Koli¢ina novca koja je potrebna da se ulozi u projekat utice
na odluku da li ¢e projekat poceti ili ne, odnosno da li ¢e se uspesno zavrsiti ili ne. Cena
kostanja projekta se u praksi najceS¢e uporeduje sa cenom kostanja sli¢nih projekata, koji
su uspesSno zavrSeni. Vreme 1 potreban novac nisu jedini faktori koji definiSu pocetak
realizacije projekta, ve¢ se u obzir moraju uzeti i ostali parametri kao $to su: kvalitet,
slozenost, prekovremeni rad tima i drugo. Neadekvatne procene napora najc¢es¢e mogu
dovesti do kaSnjenja u realizaciji projekta, zahtevima za dodatnim nov¢anim sredstvima,
prekovremenim radom eksperata i sli¢no. Takode, one mogu da uti¢u direktno na kvalitet
softvera. Usled ne sagledavanja svih potrebnih parametara za procenu realizacije softvera,
Cesto se deSava da se pojedine aktivnosti, kao §to su: dodatna testiranja, kompletiranje
dokumentacije 1 dodatno definisanje zahteva korisnika svode na minimum napora. Sve
ovo moze dovesti do velikog broja projekata koji su nerazjasnjeni i1 koji predstavljaju
trenutno ogledalo softverske industrije.

Dosadasnji nacini procene napora i troSkova tokom realizacije softverskih
projekata su se zasnivali na nepouzdanim 1 nepreciznim metodama, tehnikama i
modelima. Rezultat ovakvih nepotpunih procena je wveliki broj neuspes$nih 1
nerealizovanih projekata. Sva istrazivanja ukazuju da se uspeSno zavrsi samo oko 30%
projekata, dok preostali procenat projekata ostaju nereseni ili potpuno propali. Dosadasnje
najces¢e korisS¢ene metode su: metoda sliCnosti, metoda analize 1 sinteze, procena
zasnovana na znanju eksperata i razne parametarske (algoritamske) metode. Softverske
kompanije svakako pored raznih metoda procene, koriste 1 razliite pomoc¢ne softverske
alate 1 servise kako bi ispunile zahteve kupaca. Da bi konstruisali pouzdani softver visokih
standarda 1 performansi, mnogi istrazivaci su predlagali razli¢ite kombinacije
parametarskih 1 ne-parametarskih modela procene napora i1 troskova. Neophodno je
analizirati 1 eksperimentalno proveriti dosadasnje najuspesnije metode i modele, kako bi
se one adekvatno mogle unaprediti.

Predmet istrazivanja ove doktorske disertacije jeste analiza dosada$njih najboljih
prakti¢no koriS¢enih pristupa i modela u proceni napora i troSkova. Potom su na osnovu
njih konstruisana, predstavljena i eksperimentalno potvrdena tri nova, poboljSana modela
u okviru tri razlicita pristupa koji ¢e dati bolje rezultate.
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Cilj istrazivanja

Cilj ove disertacije je konstruisanje tri nova, poboljSana modela zasnovana na
razli¢itim arhitekturama veStackih neuronskih mreza (engl. Artificial Neural
Network/ANN). Unapredenje postoje¢ih metoda i modela bi se realizovalo primenom
vestacke inteligencije, koja bi posluzila kao mocan alat za postizanje boljih rezultata.
KoriS¢enjem razli¢itih arhitektura vestackih neuronskih mreZa konstruisanih na osnovu
Tagucijevih ortogonalnih vektorskih planova moguce je optimizovati predlozene modele.
Realna i pravilna procena je od izuzetnog znacaja u upravljanju softverskim projektima,
kako ne bi doslo do otkazivanja, propadanja ili probijanja vremena ili budzeta projekta.
PoboljSanjem postoje¢ih metoda procene bi se smanjili rizici 1 potencijalne greske
projekta kako za softverske kompanije koje ga realizuju tako i1 za klijente koji ocekuju
proizvod unutar okvira budZeta i vremena.

Glavni cilj ove disertacije je eksperimentalno proveriti i utvrditi najbolji model za
pouzdanu, efikasnu, brzu 1 tacnu procenu napora 1 troSkova za realizaciju softverskih
projekata. Potrebno je identifikovati najbolji model koji ispunjava zadate kriterijume: ima
najjednostavniju ANN arhitekturu, minimalan broj iteracija, ANN arhitektura treba
najbrze da konvergira ka minimalnoj vrednosti MMRE - zbog smanjenja potrebnog
vremena za estimaciju. Dodatno se bira odgovaraju¢a metodologija za konstrukciju
modela 1 u okviru nje se definiSe najbolja optimizaciona metoda (metoda Tagucijevih
ortogonalnih vektorskih planova bazirana na latinskim kvadratima, $to znaci da se u
velikoj meri smanjuje broj eksperimenta). Tagucijeva metoda za razliku od potpunog
ortogonalnog faktorijalskog plana (emgl. Full Factorial Plan/FFP), smanjuje broj
eksperimenata na minimalni, pri ¢emu ostaje potpuna pokrivenost svih jednako
zastupljenih parametara koji utiCu na procenu. DefiniSe se 1 odgovarajuca aktivaciona
funkcija koja daje najmanju greSku modela. Zatim se uvodi 1 metoda klasterizacije koja
u velikoj meri doprinosi smanjenju heterogene strukture razlicite prirode realnih projekata
1z razli¢itih domena primene.

Dodatno, testiranje 1 validacija se vrSe na drugim realnim projektima i razli¢itim
ANN arhitekturama, zavisno od odabranog pristupa 1 predloZzenog modela. Dodatne
statistiCke provere 1 potvrde preciznosti, pouzdanosti i efikasnosti predlozenih novih
reSenja se uvode na svakom predlozenom modelu. Na kraju se porede predlozeni modeli
sa SVM (engl. Support Vector Regression) algoritmom.

Novi, poboljSani modeli

Iz svakog od tri naj¢esce koriS¢ena pristupa, koji se zasnivaju na razliitim
metodama procene napora i troskova, odabran je 1 konstruisan novi, poboljSani model.
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Prethodno koris¢eni modeli predloZenih pristupa nisu davali dovoljno dobre rezultate da
bi se znacajno poboljsala uspesnost projekata.

Tri nova, poboljSana modela su konstruisana pomocu razli¢itih ANN arhitektura
koje su zasnovane na razli¢itim Tagucijevim ortogonalnim vektorskim planovima. ANN
predstavljaju dobru tehniku za obradu informacija i mogu umnogome doprineti
konstruisanju novih modela za procenu softvera. Zbog sposobnosti ANN-a da uce iz
razli¢itih skupova podataka, moguce je generisati tacne 1 pouzdane rezultate kako bi se
izbegle nepredvidene situacije. Razli¢ite arhitekture ANN, se koriste u cilju
identifikovanja najjednostavnije koja ispunjava dodatno postavljene kriterijume.

Kada se koriste tri ulazne veli¢ine na primer, kod ANN-L27 arhitekture, prema
FFP planu je potrebno izvrsiti 3'3=1 594 323 iteracija (eksperimenata). Medutim,
koris¢enjem Tagucijevog ortogonalnog vektorskog plana sa 13 parametara (tezinskih
koeficijenata), potrebno je samo 33=27 iteracija (eksperimenata). Koris¢enjem ove
metode robusnog dizajna eksperimenata se smanjuje broj iteracija za 99.99830649%
(0.9999830649 =1 — (27/1 594 323)). Predlog redukovanog FFP plana dao je Dr Genichi
Taguchi iz Japana 1 zasnovan je na izuzetnom skupu latinskih kvadrata. Tagucijev
ortogonalni vektorski plan omogucéava uzimanje odabranog podskupa kombinacija bez
ponavljanja. Na ovaj nacin se svi faktori uzimaju u obzir podjednako 1 mogu se
procenjivati nezavisno jedni od drugih. Ovo omogucava prikupljanje dovoljnog broja
podataka kako bi se doslo do informacija koji faktori najvise uticu na kvalitet proizvoda
koji se razvija. Pri tom se uzima minimalan broj eksperimenata, Stedi vreme 1 potrebni
resursi. [zbor odgovaraju¢eg Tagucijevog ortogonalnog vektorskog plana zavisi od broja
tezinskih faktora i broja ulaznih veli¢ina. Opsti cilj ove metode je stvaranje visoko
kvalitetnog proizvoda uz moguce smanjenje troskova razvoja. Kombinovane metode kao
Sto su klasterizacija, metoda fazifikacije i dodatne metode provere daju bolje rezultate od
dosadasnjih kori§¢enih modela 1 pristupa, §to 1 jeste cilj ove disertacije.

1. Novi, poboljsani COCOMO2000 model

COCOMO2000 (engl. Constructive Cost model) je parametarski model koji
veli¢inu sistema racuna kao kombinaciju matematickih modela. Osnovni podaci su
parametri koji se dobijaju eksperimentalnim putem, merenjem realnih vrednosti tokom
izrade projekta. Merenje na osnovu broja linija izvornog koda sluzi da se utvrdi veli¢ina
1 kompleksnost softverskog projekta. NajSeS¢e se koristi da se utvrdi napor 1 vreme
potrebno za realizaciju projekta. Svakako najznacajnija metoda za procenu napora iz ove
grupe je COCOMO2000 parametarska metoda. Na ovaj nac¢in pomo¢u COCOMO2000
moguce je proceniti 1 zahtevano vreme izrade. Broj linija koda je jednostavan nacin za
procenu napora i troSkova, ali ima i1 dosta nedostataka, kao na primer, razlike u
koris¢enom programskom jeziku (C++, Java, C# 1 sl.) 1 uspostavljanju ekvivalencije
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odredenih baza podataka. Stvarni napor (eng/. Actual Effort) predstavlja stvarnu vrednost
projekta, baziranu na broju linija koda izrazenih u Covek-mesecima (engl. person-
months/PM). Koristi 22 parametara kao ulazne veli¢ine, podeljena u dve grupe: prvih 5
¢ine faktori skaliranja (engl. Scale factors) i drugu grupu ¢ini 17 faktora multiplikatora
napora (engl. Effort Multipliers). Oni se koriS¢enjem parametarske metode mogu svesti
na tri ulazne veli¢ine koje ¢e se koristiti u novom predlozenom modelu.

U novom, poboljSanom modelu koris¢ene su cCetiri razliCite arhitekture ANN,
bazirane na razli¢itim Tagucijevim ortogonalnim  vektorskim planovima.
Najjednostavnija arhitektura ANN-L9, koristi ortogonalni plan L9 na 3 nivoa 1 4 tezinska
koeficijenta. SloZzenija ANN-L18, koristi ortogonalni plan L18 na 213 nivoa i 8 tezinskih
koeficijenta. NeSto sloZenija ANN-L27, koristi ortogonalni plan L27 na 3 nivoa sa 13
tezinskih koeficijenata. Najslozenija koriS¢ena ANN-L36 arhitektura u ovom modelu
koristi ortogonalni plan L36 na 2 1 3 nivoa 1 23 tezinska koeficijenta. Pored razlicitih
arhitektura, metoda klasterizacije u velikoj meri doprinosti kontrolisanju razli¢itih
vrednosti realnih projekta iz prakse, §to za cilj ima realnu procenu i smanjenje minimalne
relativne greSke modela. Kori$¢ena aktivaciona funkcija je sigmoidna funkcija skrivenog
1 izlaznog sloja. Ova funkcija omogucéava dodatnu homogenizaciju ulaznih veli¢ina, ali 1
doprinosi brzini konvergencije svake od navedenih ANN arhitektura. Eksperimenti su
pokazali da je broj iteracija u svakoj ANN arhitekturi manji od 10, Sto izuzetno skracuje
vreme procene. Pouzdanost, preciznost i efikasnost novog predloZzenog modela je vise
puta proveravana i potvrdivana na pet razli¢itih skupova podataka 1 proveravanjem uz
metode statisticke analize. Na osnovu dobijene procenjene vrednosti raCunate su razlicite
metrike kao Sto su: MAE (engl. Magnitude Absolute Error), MRE (engl. Magnitude
Relative Error), MMRE (engl. Mean Magnitude Relative Error).

2. Novi poboljsani COSMIC FFP model

Analiza funkcionalnih tacaka (eng/. Function Point Analysis) je pristup koji je
nastao u cilju prevazilazenja nedostataka prethodnog pristupa, koji se zasniva na merenju
veli¢ine sistema na osnovu broja linija koda. U ovom pristupu, funkcionalnost sistema se
meri na osnovu veli¢ina, izrazenih u funkcionalnim tackama. Razli¢iti sistemi mogu imati
slicne funkcionalnosti, ali mogu koristiti razli¢ite tehnologije ili programske jezike, pa se
zbog toga razlikuju u broju izvornih linija koda. Pristup zasnovan na broju funkcionalnosti
je razvio veliki broj modela kako bi najefikasnije 1 najtacnije procenili funkcionalnu
veli¢inu. U ovoj disertaciji ¢e biti prikazana najmlada metoda iz familije funkcionalnih
tacaka, COSMIC FFP. Ova metoda se koristi u procesu procene napora i troskova
funkcionalne veliCine softverskih projekata i zasnovana je na 14 parametra koji se svode
na 4 ulazne veli¢ine. Kod ranijih metoda funkcionalnih tacaka koriS¢eno je pet ulaznih
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veli¢ina. KoriS¢ene 4 ulazne veliCine u predlozenom COSMIC FFP modelu je svedeno
na:

1. Entry - poruke koje korisnici Salju sistemu ili poruke koje jedan sistem Salje drugom
u cilju prenosa neophodnih podataka. Ove poruke ne moraju biti sistemski unosi;

2. Exit - poruke koje sistem ili modul vra¢a kao odgovor korisniku u vidu podataka koji
se mogu Citati iz datoteka 1 ove poruke mogu biti i u obliku aritmetickih 1 logickih
operacija;

3. Read - poruke koje azuriraju podatke u sistemu i mogu biti raZlicite datoteke, tabele i
drugi podaci;

4. Write - poruke koje Salju podatke iz sistema i mogu biti u obliku tabela, datoteka 1
sli¢no.

Moze se zakljuciti da funkcionalna veli€ina sistema predstavlja ukupan broj svih
koris¢enih poruka. Sistem se moZe posmatrati kao ¢etvorodimenzioni vektorski prostor,
koji predstavlja ukupan broj poruka. Poruke ¢ine podaci koji se unose, podaci koji izlaze
iz sistema, podaci koji se zapisuju ili podaci koji se Citaju iz datoteka. Ova metoda
omogucava otkrivanje i utvrdivanje uticaja i najmanje promene na funkcionalnu veli¢inu.
Prednost ove metode je Sto je nezavisna od tehnologije 1 §to ne postoji gornja granica
funkcionalne veli¢ine. Samim tim nema ni zasi¢enja, jer slozenost funkcionalnosti moze
neograniceno da raste u zavisnosti od broja poruka u sistemu.

U novom, poboljSanom COSMIC FFP modelu koris¢ene su dve razli¢ite ANN
arhitekture, bazirane na razli¢itim Tagucijevim ortogonalnim vektorskim planovima.
Najjednostavnija arhitektura ANN-L12, koristi ortogonalni plan L12 na 2 nivoa i 11
tezinskih koeficijenta. SloZenija ANN-L36prim, koristi ortogonalni plan L36prim na 2 1
3 nivoa i 16 teZinskih koeficijenta. KoriS¢en je najpoznatiji repozitorijum industrijskih
projekta ISBSG, na kome su primenjivane metoda klasterizacije 1 podele skupova
podataka u razmeri 70:30, od kojih je 70% projekata koriS¢eno za treniranje, a 30%
preostalih za testiranje. Metoda klsterizacije u velikoj meri doprinosi ublazavanju
heterogene strukture razlicitih realnih projekta iz prakse, §to za cilj ima realnu procenu 1
smanjenje minimalne relativne greSke modela. KoriS¢ena aktivaciona funkcija je
sigmoidna funkcija skrivenog 1 izlaznog sloja. Pomocu ove funkcije mogucée je
kontrolisati razliite vrednosti ulaznih veli€ina, ali 1 doprineti brzini konvergencije svake
od navedenih ANN arhitektura. Eksperimenti su pokazali da je broj iteracija u svakoj od
njih manji od 7, Sto u mnogome skracuje vreme procene. Pouzdanost, preciznost i
efikasnost novog predlozenog modela je viSe puta proveravana i potvrdivana na sedam
razli¢itih skupova podataka i1 proveravanjem pomocu metoda statisticke analize. Na
osnovu dobijene procenjene vrednosti raCunate su razliCite metrike kao $to su: MAE,
MRE, MMRE, uticaj ulaznih veli¢ina na promenu vrednosti MMRE.
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3. Novi poboljsani UCP model

UCP (engl. Use Case Point Analysis) metoda je najnovija, ali i naj¢esce koriS¢ena
metoda za procenu napora 1 troSkova za realizaciju softverskih proizvoda. lako nije
standardizovana u okviru ISO standarda poput COCOMO2000 1 COSMIC FFP metoda,
ovom metodom se dobijaju greske procene izmedu 20% 1 35%. Najbol;ji rezultat koji je
postignut ovom metodom je vrednost greSke oko 10%. Za odredivanje funkcionalne
velicine UCP metodom koriste se korisnici sistema i slucajevi koriS¢enja. Korisnici
sistema se dele na tri grupe: jednostavne - u zavisnosti od interakcije sa sistemom
dodeljuje im se tezinski faktor 1, srednje - u zavisnosti od interne/eksterne komunikacije
dodeljuje im se tezinski faktor 2, 1 slozene - u zavisnosti od slozenosti interakcija dodeljuje
im se tezinski faktor 3. Postoje i tri kategorije sluCajeva koriS¢enja koje se definisu na
osnovu izvrSenog broja transakcija 1 broja razmena poruka korisnika 1 sistema:
jednostavne - za manje od 3 transakcije 1 dodeljuje im se tezinski faktor 5, srednje - od 4
do 7 transakcija 1 dodeljuje im se tezinski faktor 10, i slozene - viSe od 8 transakcija 1
dodeljuje im se tezinski faktor 15. VeliCina sistema se definiSe na osnovu
¢etvorodimenzionog ili Sestodimenzionog vektora ¢iji elementi predstavljaju slozenost
prethodno navedenih korisnika i sluc¢ajeva korisnika u sistemu. To su: UAW (engl.
Unadjusted Actors Weight), UUCW (eng/. Unadjusted Use Case Weight), UUCP (engl.
Unadjusted Use Case Point Weight), TCF (engl. Technical Complexity Factor), ECF (engl.
Environmental Complexity Factor), AUCP (engl. Adjusted Use Case Point Weight), od
kojih su UUCP 1 AUCP zavisne promenljive, a UAW, UUCW, TCF i ECF nezavisne ulazne
veli¢ine. Stvarni napor (engl. Real Effort) se dobija kao norma vektora jednog od dva
vektora 1 predstavlja realnu funkcionalnu veli¢inu ili broj taaka slucajeva koris¢enja.

U novom, poboljsanom UCP modelu koriS¢ene su dve razli¢ite ANN arhitekture,
bazirane na razli¢itim Tagucijevim ortogonalnim vektorskim planovima.
Najjednostavnija arhitektura ANN-L16, koristi ortogonalni plan L.16 na 2 nivoa i 15
tezinskih koeficijenata. SloZenija ANN-L36prim, koristi ortogonalni plan L36prim na 2 1
3 nivoa i 16 teZinskih koeficijenta. Pored razli€itih arhitektura, metoda klasterizacije u
velikoj meri doprinosi ublaZzavanju razlicite strukture realnih projekta iz prakse, Sto za cilj
ima realnu procenu 1 smanjenje minimalne relativne greSke modela. KoriS¢ena
aktivaciona funkcija je sigmoidna funkcija skrivenog 1 izlaznog sloja koja doprinosi
dodatnoj homogenizaciji ulaznih veli¢ina, ali 1 brzini konvergencije svake od navedenih
arhitektura ANN. Eksperimenti su pokazali da je broj iteracija u svakoj od njih manji od
7, Sto znacajno skracuje vreme procene. Pouzdanost, preciznost i efikasnost novog
predlozenog modela je viSe puta proveravana i potvrdivana na Cetiri razli¢ita skupa
podataka i proveravanjem koriS¢enjem metoda statisticke analize. Na osnovu dobijene
procenjene vrednosti raCunate su razlicite metrike kao sto su: MAE, MRE, MMRE, uticaj
zavisnih promenljivih, ulaznih veli¢ina na promenu MMRE 1 druge.
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Dobijeni rezultati

Iz dobijenih rezultata za prvi novi, poboljsani COCOMO2000 model se moze
zakljuciti da arhitektura ANN-L36 postize najbolje rezultate sa proseCnom vrednosti
MMRE od 43.3% u sva tri dela eksperimenta. Nesto ve¢u vrednost MMRE, oko 2%,
postize arhitektura ANN-L27 (45.3%). Slabiji rezultat, veca vrednost MMRE greske se
postize kod ANN-L18 arhitekture (59.7%), a najslabiji rezultat se postize kod ANN-L9
arhitekture (72%). Analiziranjem sve Cetiri ANN arhitekture na svakom klasteru na pet
razli¢itih skupova podataka, pokazalo se, da sa povecanjem broja skrivenih slojeva
procena vrednosti MMRE je pouzdanija, videti Slika 34. Dodatno je pracena i1 brzina
konvergencije svake arhitekture ka minimalnoj relativnoj greski i pokazalo se da u sva tri
klastera najbrze konvergira ANN-L36 arhitektura. Broj iteracija potrebnih za svaki deo
eksperimenta je u opsegu od 5 do 9, videti Slika 31, Slika 32, Slika 33.

MMRE(%)

cluster cluster cluster cluster cluster cluster cluster cluster cluster cluster cluster cluster

Small Medium Large Small Medium Large Small Medium Large Small Medium Large
ANN9 ANN18 ANN27 ANN36

mTraining wTesting w Validationl Validation2 wValidation3 wMMRE(%)

Slika 34. Vrednosti MMRE za svaku predlozenu arhitekturu u svakom delu
eksperimenta (COCOMO2000).
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Slika 31. Brzina konvergencije Cetiri predloZzene ANN arhitekture nad malim klasterom.
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Medium cluster
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Slika 32. Brzina konvergencije Cetiri predlozene ANN arhitekture nad srednjim
klasterom.
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Slika 33. Brzina konvergencije Cetiri predlozene ANN arhitekture nad velikim
klasterom.

Rezultat koji je pracen tokom izvrSavanja potrebnih iteracija u drugom
predlozenom COSMIC FFP modelu, je vrednost MMRE, koja se, u zavisnosti od prirode
skupa podataka, pokazala stabilnom za dve predloZene arhitekture u sva tri dela
eksperimenta. Skupovi podataka male funkcionalne veli¢ine imaju vecu vrednost MMRE
(Dataset 1, Dataset 2) od skupova podataka srednje vrednosti funkcionalne veliine
(Dataset_3). Skupovi podataka sa velikom vrednosti funkcionalne veli¢ine imaju srednju
vrednost MMRE (Dataset 4, Dataset 5). Skupovi podataka za proveru validnosti imaju
razli¢ite vrednosti funkcionalne veli¢ine 1 imaju vecu vrednost MMRE. Najniza vrednost
MMRE postignuta je na Dataset 3 za predlozenu arhitekturu ANN-L12 (17.0%), dok je
za ANN-L36prim arhitekturu vrednost MMRE 16.4%. Srednja vrednost MMRE u svim
skupovima podataka u sva tri dela eksperimenta iznosila je 29.7% za ANN-L12 1 28.8%
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za ANN-L36prim, videti Slika 44, Tabela 56. U poredenju sa COCOMO pristupom,
vrednost MMRE je znacajno smanjena, za 14.5%. Dodatno je pracen uticaj ulaznih
veli¢ina Entry, Exit, Read 1 Write na promenu vrednosti MMRE. Kod arhitekture ANN-
L12 najvedi uticaj na promenu greske ima ulazna veli¢ina Exit, dok kod arhitekture ANN-
L36prim najveci uticaj ima ulazna veli¢ina Entry, videti Slika 47, Slika 48.

4
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Slika 44. Graficka reprezentacija vrednostt MMRE svake predlozene arhitekture
(COSMIC FFP).
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Slika 47. Graficka reprezentacija uticaja ulaznih veli¢ina na vrednost MMRE (ANN-
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Slika 48. Graficka reprezentacija uticaja ulaznih veli¢ina na vrednost MMRE (ANN-
L36prim COSMIC FFP).

Primenom novog, poboljsanog UCP modela za dve predlozene arhitekture ANN-
L16 i ANN-L36 u sve tri faze eksperimenta, pokazano je da razliCita priroda skupa
podataka ne utiCe na slozenost arhitekture koja se koristi. Odnosno, nezavisna je od
vrednosti ulaznih veli¢ina. U prvoj predlozenoj arhitekturi ANN-L16 je koriS¢eno svih
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Sest ulaznih veli¢ina (gde su Cetiri linearno zavisne, a dve linearno nezavisne) i1 vrednost
MMRE u sva tri dela eksperimenta iznosi 7.5% KoriS¢enjem druge arhitekture ANN-
L36prim sa Cetiri nezavisne ulazne veli¢ine dobijena je ista viednost MMRE u sva tri dela
eksperimenta 1 iznosi 7.5%, videti Tabela 64. Razlike greSaka u pojedinim delovima
eksperimenta nisu vece od 0.5%, Sto ukazuje na pouzdanost 1 preciznost predlozenog
modela. Ovo je trenutno jedan od najcesce koris¢enih modela zbog izuzetnih rezultata
procene koji se mogu posti¢i njegovom primenom.

Tabela 64. Vrednost MMRE u sva tri dela eksperimenta (UCP).

ANN-L16 ANN-L36prim Part of
Datasets .
MMRE(%) MMRE(%)  ¢xperiment

Dataset 1 6.7 7.0 Training
Dataset 2 7.1 7.1 Testing
Dataset 3 8.0 7.5 Validation]
Dataset 4 8.3 8.4 Validation2

AVERAGE(MMRE) 7.5 7.5

UUCP and AUCP influence

0,60% 0,50%

0,50%

0,40%

0,30% 0,20%9,20%

0,20% 0,10%

0,10% .

0,00% -

-0,10% -1 -2 3 4

-0,20% -0,10% -0,10%0,10%

-0,30%

-0,40% -0,30%

ug-UUCP ug-AUCP

Slika 54. Uticaj zavisnih promenljivih (UUCP and AUCP) na promenu vrednosti
MMRE.

Dodatno je ispitivan uticaj dve zavisne promenljive UUCP 1 AUCP na promenu
vrednosti MMRE, videti Slika 54. Kod obe ANN arhitekture ona je u intervalu od -0.3 do

0.5%.
Poredenjem dobijenih rezultata koriS¢enjem sva tri nova predloZzena poboljSana modela

moze se zakljuciti:
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Najveca vrednost gresSke u proceni napora i troskova je u parametarskoj
COCOMO2000 metodi i iznosi 193.1%;

Najbolji rezultat, najniza vrednost MMRE u prvom predlozenom modelu iznosi
43.3% S$to je 4.5 puta bolji rezultat u poredenju sa parametarskom metodom;

U drugom predloZenom modelu, greska na arhitekturi ANN-L36prim je 28.8%
Sto je 6.7 puta bolji rezultat u poredenju sa parametarskom metodom,;

Kod tre¢eg modela, Sto je 1 najbolji rezultat u svim izvedenim eksperimentima,
vrednost MMRE za obe predloZzene ANN arhitekture iznosi 7.5%, Sto je 25.7
puta bolji rezultat od parametarske metode.

U poredenju modela medusobno, videti Slika 55:

Drugi predlozeni model ANN+COSMIC FFP ima 1.6 puta manju gresSku od
prvog modela ANN-+COCOMO2000;

Treci predlozeni model ANN+UCP ima 5.8 puta nizu gresku od prvog
predlozenog modela ANN+COCOMO2000;

Tre¢i predlozeni model ANN+UCP ima 3.8 puta nizu vrednost MMRE od
drugog predloZzenog modela ANN+COSMIC FFP.

Uporedna analiza svih modela- MMRE(%)
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Slika 55. Vrednosti MMRE u kori$¢enim pristupima.
Zakljucéak

U zavisnosti od veli¢ine projekta za koji treba vrSiti procenu napora i troskova,

broja ulaznih veli¢ina 1 drugih specificnih faktora moguce je koristiti sva tri nova,
poboljSana modela. Posle viSe realizovanih eksperimenata 1 analiza dobijenih rezultata,
moze se zakljuciti da tre¢i predloZzeni model daje najmanju vrednost relativne greske i ona
1znosi 7.5%. Ako se uzme u obzir da je najmanji broj iteracija potrebnih za dostizanje
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minimalne MMRE samo Cetiri, moZze se identifikovati najbolja ANN arhitektura, a to je
ANN-L16 u okviru UCP modela.

Predlozeni, novi, poboljsani modeli mogu posluziti kao ideja za izgradnju jednog
ili viSe alata koji ¢e tacno, efikasno 1 pouzdano proceniti napor i troSkove tokom razli¢itih
faza razvoja softverskog projekta. Pored toga, ove modele mogu da koriste softverske
kompanije, softverski inzenjeri i tehnic¢ki rukovodioci projekata, kako bi dobili brze i
tacnije rezultate za pouzdanu, stabilnu i efikasnu procenu svih predvidenih zahteva za
realizaciju projekata. Ovim se mogu dodatno smanjiti problemi sa kojima se stru¢njaci i
timovi najcesce susrecu u ovoj oblasti softverskog inzenjerstva.

Disertacija se sastoji iz 7 poglavlja, organizovanih na slede¢i nacin:

Prvo poglavlje 1. Uvod ima tri dela. U prvom delu 1.1 su prikazani problemi i
dosada$nji nacini u proceni napora i troSkova kada je pitanju realizacija softverskog
projekta. Drugi deo 1.2 prikazuje predmet istraZivanja ove doktorske disertacije. Potom
se detaljno opisuje Sta je cilj 1 koji modeli ¢e biti predstavljeni, na koji nacin ¢e biti
konstruisani i eksperimentalno proveravani. Tre¢i deo 1.3 objasnjava znacaj uvodenja i
predstavljanja novih poboljSanih modela i zbog ¢ega je to vazno za ovu oblast softverskog
inZenjerstva. Potom se objaSnjava i Sira primena novih poboljSanih modela u drugim
oblastima, ne samo u proceni napora i troSkova za realizaciju softverskih projekata.

Drugo poglavlje 2. DosadasSnje metode procene napora i troSkova na
softverskim projektima sadrzi sedam delova i1 detaljno prikazuje razliite metode 1
modele dosadasnjih procena napora i troskova. U prvom delu 2.1 objaSnjava se primena
razli¢itih, do sada koriS¢enih, parametarskih metoda 1 navodi primer COCOMO2000
parametarske metode, sa kojom ¢e se porediti 1 rezultati novih poboljSanih, predloZenih
modela. U drugom delu 2.2 prikazano je koriS¢enje i1 nekih drugih parametarskih 1
kombinovanih metoda kao §to su linearna regresija 1 druge statisticke procene i analize.
Trec¢i deo 2.3 je posvecen detaljnijem objasnjenju dosadaSnjeg COCOMO2000 pristupa,
¢ija je realna vrednost zasnovana na broju linijja koda 1 razli¢itim kombinovanim
metodama. U delu 2.3.1 su objasnjeni svi parametri ovog pristupa i njihove kombinacije
sa drugim metodama, algoritmima 1 tehnikama, koje bi dale bolje rezultate. Takode se
detaljno prikazuje koji se parametri mere, a bitno uti¢u na procenu napora i troskova, kako
se oni racunaju 1 Sta predstavljaju ulazne veli¢ine na osnovu kojih se izraCunava stvarna
vrednost projekta. Deo 2.3.2 predstavlja 1 opisuje dosadaSnja istraZivanja vezana za
koris¢enje COCOMO2000 modela 1 pristupa u mnogim istrazivaCkim i1 nau¢nim
radovima. Cetvrti deo ovog poglavlja 2.4 Analiza funkcionalnih ta¢aka, prikazuje
dosadasnji pristup u koriS¢enju analize funkcionalne veli¢ine sistema. Za razliku od
prethodnog pristupa veliCina sistema se ovde racuna na osnovu odredenih funkcionalnih
tacaka koje se mere. U delu 2.4.1 se detaljno prikazuju ulazni parametri koji bitno uticu
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na procenu napora i troSkova, kako se koriste 1 §ta predstavljaju ulazne veli¢ine na osnovu
kojih se izraCunava stvarna funkcionalna veli¢ina sistema. Deo 2.4.2 predstavlja i opisuje
dosadasnja istrazivanja vezana za koriS¢enje ovog modela i1 pristupa, kao i sve druge
modele nastale kao rezltat poboljSanih prethodnih pristupa. Istie se 1 znacaj ovih modela
kako u praksi tako 1 u mnogim istraZzivac¢kim, stru¢nim i nau¢nim radovima. U delu 2.5 je
predstavljen tre¢i, najceSce koriS€eni pristup koji se zasniva na analizi korisnika i
slucajeva koriS¢enja. U delu 2.5.1 se prikazuju svi parametri koji se mere kako bi se
izraCunala realna vrednost projekta. Detaljno su opisani i predstavljeni parametri koji
uti¢u na realnu vrednost projekta i nacin na koji se ona adekvatno moze izraCunati. Deo
2.5.2 je posvecen dosadasnjim istrazivanjima koja su vezana za predstavljanje i koriS¢enje
ovog modela 1 pristupa 1 sve druge modele nastale kao rezltat poboljSanih prethodnih
pristupa. Takode, isti¢e se znacaj ovih modela kako u praksi tako i u mnogim
istrazivackim 1 nau¢nim radovima. U delu 2.6 Primena vestackih neuronskih mreza je
detaljno objasnjena uloga 1 mogucénosti primene savremenog alata vestacke inteligencije
- veStaCkih neuronskih mreza. Ovaj alat je pogodan za koriS¢enje kada nema odredenih
pravila po kojima bi se izraCunavala konac¢na izlazna vrednost. Vestacke neuronske mreze
imaju vaznu ulogu u konstruisanju sva tri nova poboljSana predlozena modela za procenu
napora 1 troskova za realizaciju softverskih projekata, koji ¢e biti predstavljeni u ovoj
disertaciji. Deo 2.7 Tagucijev metod robusnog dizajna je posvecen izuzetno vaznoj
metodi optimizacije, koja znacajno doprinosi unapredenju novih poboljSanih modela.
Strategija robusnog dizajna podrazumeva i koriS¢enje ortogonalnih vektorskih planova za
prikupljanje pouzdanih informacija o parametrima projekta sa izuzetno malim brojem
eksperimenata. Ovaj metod se do sada koristio u drugim oblastima, a veoma retko u ovoj
oblasti softverskog inzenjerstva.

U poglavlju 3. Novi poboljSani modeli u okviru tri pristupa procene softvera
koje se sastoji iz tri dela detaljno su objaSnjena i predstavljena sva tri nova konstruisana
modela iz tri razliCita pristupa procene napora i troSkova za razvoj softverskih projekata.
U delu 3.1 prikazan je prvi, novi, poboljSani COCOMO2000 model, koji koristi Cetiri
razli¢ite ANN arhitekture. Svaka arhitektura konstruisana je na osnovu odgovarajuceg
Tagucijevog ortogonalnog vektorskog plana. Izbor vektorskog plana zavisi od broja
ulaznih veli¢ina 1 broja tezinskih koeficijenata. Potom je odabrano pet razlicitih skupova
podataka koji su opisani u delu 3.1.1 na kojima ¢e se eksperiment izvrSavati. Deo 3.1.2
prikazuje koris¢enu metodologiju u sva tri dela eksperimenta: treniranje, testiranje i
validacija i izvrSava se korak po korak na osnovu datog algorima. Deo 3.2 prikazuje drugi,
novi, poboljsani COSMIC FFP model, koji koristi dve razli¢ite arhitekture ANN. Svaka
arhitektura konstruisana je na osnovu odgovaraju¢eg Tagucijevog ortogonalnog
vektorskog plana. Izbor vektorskog plana zavisi od broja ulaznih veli¢ina i broja tezinskih
koeficijenata. Potom je odabrano sedam razli¢itih skupova podataka predstavljenih u delu
3.2.1 na kojima ¢e se eksperiment izvrSavati. Deo 3.2.2 prikazuje koris¢enu metodologiju
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u sva tri dela eksperimenta: treniranje, testiranje i validacija 1 izvrSava se korak po korak
na osnovu datog algorima. U delu 3.3 prikazan je trec¢i, novi, poboljSani UCP model, koji
koristi dve razli¢ite arhitekture ANN. Svaka arhitektura konstruisana je na osnovu
odgovarajuceg Tagucijevog ortogonalnog vektorskog plana. Izbor vektorskog plana
zavisi od broja ulaznih veli¢ina 1 broja teZinskih koeficijenata. Potom je odabrano Cetiri
razli¢ita skupa podataka predstavljenih u 3.3.1 na kojima ¢e se eksperiment izvrSavati.
Deo 3.2.2 prikazuje koriS¢enu metodologiju u sva tri dela eksperimenta: treniranje,
testiranje 1 validacija 1 izvrSava se korak po korak na osnovu datog algorima.

Cetvrto poglavlje 4. Analiza dobijenih rezultata tri nova pobolj$ana modela
sadrzi Cetiri dela. U delu 4.1 za novi poboljsani COCOMO2000 model, predstavljeni su
rezultati svake iteracije svakog klastera za svaku od cetiri predlozene ANN arhitekture.
Potom su analizirane vrednosti relativne greske, dobijene koriS¢enjem prikazanih ANN.
Uradena je 1 statisticka provera pouzdanosti modela kroz predikciju na tri kriterijuma 1
proverom sa dva koeficijenta korelacije. Dobijeni rezultati su bolji od prikazanih u
prethodnim istrazivanjima. Pra¢en je broj izvrSenih iteracija i brzina konvergencije i
rezultat ovog modela je do sada najbolji, Sto kao posledicu ima izuzetno brzo vreme
estimacije. Na osnovu dobijenih rezultata moglo se zakljuciti da je ANN-L36 arhitektura
koja daje najnizu vrednost greske od 43.3%, a konvergira posle pete iteracije. Deo 4.2 za
novi poboljsani COSMIC FFP model, prikazuje rezultate svake iteracije svakog klastera
za svaku od dve predlozene ANN arhitekture. Analizirane su vrednosti relativne greske
dobijene koriS¢enjem dve razlic¢ite ANN arhitekture. Uradena je 1 statisticka provera
pouzdanosti modela kroz predikciju na tri kriterijuma i proverom sa dva koeficijenta
korelacije. Dobijeni rezultati su bolji od prethodno predstavljenih u slicnim
istrazivanjima. Najniza vrednost MMRE je 28.8% na arhitekturi ANN-L36prim. Pra¢en
je 1 broj izvrSenih iteracija 1 brzina konvergencije, 1 rezultati ovog modela su do sada
najbolji u poredenju sa dobijenim rezultatima iz dosadaSnjih istraZivanja. Ovo za
posledicu ima izuzetno brzo vreme estimacije. 1 konvergenciju posle pete iteracije. U delu
4.3 za novi poboljsani UCP model, predstavljeni su rezultati svake iteracije svakog
klastera za svaku od dve predlozene ANN arhitekture. Potom su analizirane vrednosti
relativne greSke dobijene koriS¢enjem razli¢itih ANN. Uradena je i statisticka provera
pouzdanosti modela kroz predikciju na tri kriterijuma 1 proverom sa dva koeficijenta
korelacije. Dobijeni rezultati su najbolji u poredenju sa do sada prikazanim u bilo kom
prethodnom eksperimentalnom 1 nau¢nom istrazivanju. Vrednost MMRE je 7.5%, dok
arhitektura ANN-L16 konvergira posle Cetiri iteracije, $to kao posledicu ima izuzetno
brzo vreme estimacije.

Konac¢no, u delu 4.4 na osnovu analiza i poredenja dobijenih rezultata u razlic¢itim
eksperimentima, identifikovan je najbolji model - tre¢i, novi, poboljsani UCP model, koji
daje najbolje rezultate. Potom je identifikovana i najbolja ANN-L16 arhitektura koja
postize minimalnu vrednost greSke nakon samo Cetiri iteracije.
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Prosireni Izvod

Poglavlje S. Problem generalizacije, se sastoji iz Sest delova 1 predstavlja
uopStavanje problema koji su se javljali tokom realizacije svih prethodno navedenih
eksperimenata. Deo 5.1 daje odgovor na pitanje koliko projekata je potrebno za svaki
klaster svakog skupa podataka u svakom delu eksperimenta. Uporedivanjem sa
prethodnim istrazivanjima ovaj broj treba da bude veci od broja tezinskih koeficijenata
koris¢enog ortogonalnog vektorskog plana, §to je u svim koris¢enim skupovima podataka
ove disertacije u velikom procentu ispunjeno. U delu 5.2 je reSen problem ispravno
koris¢ene podele skupa podataka na klastere, koriS¢enjem uporedne analize svakog novog
poboljsanog modela sa SVM (engl. Support Vector Regression) algoritmom koristeci
proveru jo$ jednim detrministickim koeficijentom korelacije - R2. Dobijeni rezultati
pokazuju da je vrednost R? kod sva tri modela uporedivanjem sa tri razli¢ite funkcije
jezgra RBF (engl. Radial Basis Function): linearnom, kvadratnom i1 kubnom veca od 0.9.
Ovim se jo$ jednom potvrduje preciznost, pouzdanost i1 efikasnost tri nova, predlozena,
poboljsana modela. Deo 5.3 daje odgovor na pitanje kako 1 koju odgovarajuéu ANN
arhitekturu treba izabrati za sva tri dela eksperimenta. Polazi se od najjednostavnije ANN
arhitekture bez skrivenog sloja, potom se uvodi jedan skriveni sloj sa naymanje dva ¢vora,
zatim se povecava broj ¢vorova u skrivenom sloju arhitekture i na kraju se koristi
arhitektura sa dva skrivena sloja. Odabir nove, sloZzenije arhitekture se zaustavlja kada
razlika vrednosti MMRE uzastopnih iteracija bude oko 1%. U delu 5.4 analizira se i
prikazuje broj potrebnih iteracija svakog modela 1 ispituje brzina svih koriS¢enth ANN
arhitektura. U delu 5.5 prikazuje se vaznost odabira aktivacione funkcije koja daje najnizu
vrednost greSke, a pri tome konvergira ka najnizoj vrednosti sa minimalnim brojem
iteracija.U delu 5.6 predstavljaju se pretnje po validnost modela, kao Sto su interna,
eksterna 1 zaklju¢na validnost.

Poglavlje 6. Primena predlozenih modela i naucni doprinos objasnjava koje su
mogucnosti primene novih, predlozenih modela ne samo u oblasti procene napora 1
troSkova u softverskom inzenjerstvu, ve¢ 1 drugim oblastima nauke i industrije. Novi,
poboljsani modeli mogu preciznijom i efikasnijom procenom u velikoj meri povecati
procenat uspesSne realizacije projekata, a samim tim znacajno unaprediti ovu oblast
softverskog inzenjerstva.

Poglavlje 7. Zakljucak prikazuje glavne zakljucke svih eksperimenata, dobijenih
rezultata, njihov znacaj i primenu u praksi.
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Osaj Obpaszay wunu cacmasHu 0eo 00KMopcKe oucepmayuje, 0OHOCHO OOKMOPCKO2

YMemHuyKoe npojexma koju ce opanu Ha Ynusepzumemy y Hoeom Caoy. [lonyren

Obpas3zay yxopuuumu uza mexkcma 00KmMopcke oucepmayuje, 0OHOCHO O0OKMOPCKO2
VMemHUYKO2 Npojexma.

Ilnan mpemmana nooamaxa

Ha3zus npojexta/mcTpaknBama

Estimation of effort and costs in the development of software projects using artificial neural
networks based on Taguchi’s orthogonal vector plans (IIpomiena Hanopa 1 TpoIIKOBa 3a pa3Boj
coTBEpPCKHX IMpojeKaTa moMohy BEMTauKuX HEYPOHCKHUX MpPEKa 3aCHOBaHUX Ha TarydnjeBum
OPTOTOHAJTHUM BEKTOPCKHM IIJIAHOBHMA

Ha3uB MHCTHTYLHje/MHCTUTYIMja Y OKBUPY KOjHX ce CIIPOBOIU MCTPAKMBaKHe

a) Yausepsurer y Hosom Cany, [Ipuponno-maremaTnuku GhakynTeT

Ha3uB nporpama y oKBHPY KOT ce peajiu3yje HCTPaKuBam€e

1. Onuc mogaraka

1.1 Bpcra ctynuje

Y 060j cmyouju cy kopuwhenu jagno docmynnu ckynogu nooamaka.
Jlunkosu:

! octynHO Ha cineneheM peno3uTopujymy:
http://promise.site.uottawa.ca/SERepository/datasets-page.html
2 noctynHo Ha cieneheM penosuropujymy:
https://www.isbsg.org/

3a MPUCTYT j€ TOTPEOHO YJIAaHCTBO
3 poctynHo Ha cieneheM penosuTopujymy:

https://data.mendeley.com/datasets/2rfkjhx3cn/1

2. llpukynbame mNoJaTaKka

3. Tperman nogaTaka u npateha 1okyMeHTanuja

4. be30eTHOCT MOAATAKA M 3AIITHUTA MOBEPLUBUX HHPOPMAaIHja
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5. locTynHOCT mogaTaKa

6. YJiore 1 0ArOBOPHOCT
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