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ABSTRACT

Context: Software effort estimation is crucial in the software development process.
Overestimating or underestimating the effort for a software project can have consequences on
the bidding or development process for a company. Over the years, there has been growing
research interest in machine learning approaches in software effort estimation. Though deep
learning has been described as the state of the art in the field of machine learning, much has

not been done to assess the performance of deep learning approaches in the field.

Objective: This study defines a discretization scheme for setting a threshold for a small-sized
dataset in software effort estimation. Also, it investigates the performance of selected machine

learning models on the small-sized datasets.

Method: Software effort estimation datasets were identified with their number of project
instances and features from existing literature and ranked according to the number of project
instances. Eubank’s optimal spacing theory was used to discretize the ranking of the project
instances into three classes. The performance of selected conventional machine learning
models and two deep learning models were assessed on the datasets classified as small-sized.
The leave-one-out cross-validation as recommended by Kitchenham was adopted to assess the
training and validation needs of the selected model. The performance of each model on the
selected datasets was measured using the mean absolute error (MAE). Robust statistical tests

were conducted using the Yuen’s t-test and Cliff’s delta effect size.

Results: Results showed that the conventional machine learning models achieved improved
prediction performance as compared to the deep learning models. Nonetheless, after applying
early stopping regularisation to the deep learning models, it was found that the deep learning
models achieved improved prediction accuracy than the conventional machine learning models

but failed to outperform the Automatically Transformed Linear Model (ATLM).

il



Conclusion: The study concluded that conventional machine learning approaches achieve
better performance than deep learning approaches on small-sized datasets. However, applying
the early stopping regularisation technique to the deep learning models can improve the
performance of the deep learning model. Also, a given software effort estimation dataset can

be classified as small-sized if the number of project instances in the dataset is less than 43.

Keyword: Deep learning, Machine learning, Software effort estimation, Small-sized dataset
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CHAPTER ONE

1 INTRODUCTION

1.1 Background of the study

The accurate estimation of effort for a software project is a challenge for software development
researchers and practitioners (Dragicevic et al., 2017). Software effort estimation (SEE) is the
process of estimating effort in terms of cost, and allocation of resources to enable timely
delivery of projects within budget. Overestimation or underestimation of project efforts may
lead to devastating consequences to organizations (Seo & Bae, 2013). For instance, effort
overestimation may result in contract loss or resource wastage whilst underestimations lead to

poor quality or uncompleted projects (Minku & Yao, 2013a; Zhang et al., 2015).

In most cases, estimations are associated with several complexities. This is as a result of the
multidisciplinary nature of software projects and its related uncertain variables (Zare et al.,
2016). Likewise, the precise effort of a project is mostly determined when the project is closed
(Fuentetaja et al., 2013). Factors such as methods for development, organization type and

programming languages make estimations fuzzy (Akhtar, 2013).

Currently, three approaches are widely used for software effort estimation (SEE): expert
judgements, parametric models and machine learning methods. These methods aim to increase
estimation accuracy and have been demonstrated to support project managers and software

engineers in project estimations (Sharma & Singh, 2018).

Expert judgement involves the consultation of single or multiple experts. Experts use their
experience, information accessible to them from past projects and their understanding of new
projects to estimate efforts of new projects. This approach is a subjective reasoning process

and their assessment can be biased (Molekken-Ostvold & Jergensen, 2004; Rush & Roy,



2001). The biases in expert judgement could also be as a result of political pressure in the
company. Notwithstanding the biases in expert judgement, it is the preferred option for new
companies and those that lack proper documentation of experience from earlier projects (Host
& Wohlin, 1998). Molekken-Ostvold and Jergensen (2004) recommended using a group of

experts to reduce the biases in expert judgement.

Parametric models, on the other hand, uses analytical and statistical methods to estimate effort.
An example of such models is the Constructive Cost Model (COCOMO): a regression model
built on the number of lines of code in a project (Boehm, 2001). Parametric models do not
consider the skills of the development team or the organizational culture when estimating effort
for a project. Pospieszny et al. (2018) argued that parametric models may not be feasible for

modern software development practices like code reuse, and agile development.

Machine learning has been explored as an approach for estimating effort in recent SEE studies.
Techniques like Classification and Regression Tree (CART) (Dejaeger et al., 2012), K-Nearest
Neighbour (KNN) (Satapathy & Rath, 2017), Elastic Network Regression (ElasticNet)
(Mensah et al., 2018), Support Vector Machine (SVM) (Azzeh & Nassif, 2016) have all been
used for effort estimation. Wen et al. (2012) explained that machine learning approaches have
achieved accuracies close to acceptable levels (i.e. MMRE < 25% or Pred(k) > 75%) and have
better prediction accuracy than non-machine learning methods such as Software Lifecycle

Management (SLIM) and Function Point Analysis (FPA) (Albrecht & Gaftney, 1983).

Building accurate machine learning models for effort estimation depends on large and quality
data. However, there have been issues raised over the size and quality of data in empirical
software engineering (ESE) including effort estimation datasets (Bosu & Macdonell, 2019).
This challenge presents the research community with opportunity in investigating techniques

suitable for utilising the small ESE data which includes software effort estimation datasets.



1.2 Problem Statement

Deep learning, known as the state-of-the-art machine learning, has been largely successful in
several domains, including computer vision (Krizhevsky et al., 2012; Voulodimos et al., 2018),
speech recognition (Deng & Platt, 2014), defect prediction (Yang et al., 2015), financial
analysis (Fischer & Krauss, 2018) yet its adoption in SEE is lacking. Deep learning has been
demonstrated to thrive on large datasets (LeCun et al., 2015). However, the ability to acquire
large dataset for effort estimation is a challenge because owners of effort data are reluctant to
share data due to privacy concerns. Thus, researchers and practitioners use small-sized data for
estimations (Qi et al., 2017). Also, the computational cost for model training in deep learning

serves as a challenge for its successful use (Justus et al., 2019).

This study will investigate the prospects of deep learning on small-size effort estimation
datasets. Precisely, the study will compare the mean absolute errors (MAE) of three
conventional machine learning models (Elastic Network Regression, Bayesian Network and
Classification and Regression Tree) and two deep learning models (Deep Neural Network and
Long-Short Term Memory). The results of these models will be benchmarked against the
standard Automatically Transformed Linear Model (Whigham et al., 2015). This comparison
is to ascertain whether deep learning approaches perform better on small-sized datasets than

conventional machine learning algorithms and can be adopted for effort estimation tasks.

1.3  Scope of the Study
The study focuses on building predictive models from historical SEE datasets which are small-
sized. Specifically, the study is a comparison of the prediction accuracies of conventional

machine learning algorithms. It covers the application of conventional machine learning

(ATLM, CART, BN, ElasticNet) and deep learning (DNN and LSTM) methods.



Historical data from single or cross-organizational project development in the PROMISE or
Github repositories were utilised for the comparative study. The study also makes use of the

mean absolute error (MAE) measure and robust statistical tests.

1.4 Research Aim and Objectives

The aim and specific objectives of this research is discussed in this section.

1.4.1 Research Aim

This study aims to investigate the prospects of deep learning on small-sized SEE datasets and
also define a discretization scheme for classifying a given SEE dataset as small-sized.
Currently, literature in SEE reports conventional machine learning methods for effort
estimation. Studies using deep learning methods for effort estimation is lacking. Thus, this
study investigates the prospects of deep learning in SEE by comparing its performance to that

of conventional machine learning methods.

1.4.2 Specific Objectives

The study addresses the following specific objectives:

1. To review current datasets used in machine learning based SEE.
ii. To define a discretization scheme for classifying a given SEE dataset as small-sized,
medium-sized or large-sized.
iii. To evaluate the prediction performance of deep learning and conventional machine
learning algorithms on small-sized datasets.

iv. To assess the effect early stopping has on deep learning models.

1.5 Research Contribution
According to Gregor & Hevner (2013), knowledge contribution of research can be a design

theory, model, construct, methods or instantiation. This study contributes to knowledge by



investigating the prospect of deep learning techniques in software effort estimation which is
lacking. The study extends the application of a known tool (deep learning) to the SEE field.
Thus, this is an exaptation study according to Gregor & Hevner (2013) knowledge contribution

framework. The specific theoretical and practical contributions of the study is presented.

1.5.1 Theoretical Contribution
The study ascertains whether conventional machine learning has better performance than deep

learning algorithms on small-sized datasets.

1.5.2 Practical Contribution

The study makes the following practical contributions:

1. Defines a discretization scheme for classifying a given SEE dataset as small, medium
or large-sized.
ii.  Presents an evaluation of deep learning on small-sized SEE datasets.
iii.  Recommends early stopping as a way of improving deep learning model’s performance

on small-sized SEE datasets.

1.6 Organization of The Study

Chapter two of this dissertation presents preliminaries concepts needed to understand this
study. Also, a summary of related works on machine learning approaches to effort estimation
as well as a summary on deep learning is presented. Chapter two then concludes by presenting

the gaps in previous studies that this study will seek to address.

Chapter three presents a systematic literature review on datasets used in SEE studies. The
chapter also details the discretization scheme defined based on the results from the systematic

literature review.

Chapter four discusses the empirical framework and the methodology employed for the

comparative study. To be precise, a description of the datasets and the data pre-processing

5



techniques used are discussed. The machine learning and deep learning algorithms used in this

study are also discussed in this chapter. How the experiments were setup is also discussed.

The results of the experiments are presented in chapter five. The MAE, p-values from the
Yuen’s t-test and Cliff’s delta effect size for each studied model on each of the selected datasets

are presented. A discussion of the results from chapter four is presented in chapter six.

Lastly, chapter seven presents a summary of this dissertation as well as the concluding remarks
about the results obtained from the comparative analysis. The chapter also discusses threats
that could have possibly affected the outcomes of the study. Finally, a discussion of possible

future works arising from the dissertation is presented.



CHAPTER TWO

2 LITERATURE REVIEW

2.1 Overview

The aim of the study as stated in the previous chapter is to investigate the prospect of deep
learning in software effort estimation by comparing its performance with conventional machine
learning approaches. Therefore, this chapter presents the literature review. The literature
review focuses on machine learning in software effort estimation to present the knowledge gap

and the need for this research.

There are five sections in this chapter. The first section presents a review of software effort
estimation. The second section is a review of deep learning. A review of studies adopting deep
learning for effort estimation is presented in the third section. The fourth section identifies the
knowledge gap and establishes the need for this study. The last section explains the preliminary

concepts needed to understand the study.

2.2 Review of Software Effort Estimation
In this section, a review on the machine learning approaches to software effort estimation is
presented. Also, a discussion on the sizes of SEE datasets and the feature selection methods in

SEE is presented in this section.

2.2.1 Machine Learning Approaches to Software Effort Estimation

Researchers have proposed different machine learning models for SEE, yet these models vary
in accuracy and error measurement metrics. Consequently, the need for a baseline model for
comparison against the estimation models. Whigham et al. (2015) proposed a baseline model,
known as the Automatically Transformed Linear Model (ATLM) to serve a benchmark for

estimation. ATLM performs better than other estimation approaches reported to be standard



effort estimators (Whigham et al., 2015). Due to its performance and ease of implementation,
it has been widely adopted as a benchmark for model comparison studies (Menzies et al., 2016;
Sarro & Petrozziello, 2018; Song et al., 2018, 2019; Xia et al., 2018). However, these studies
focused mainly on conventional machine learning models and shallow neural networks with

less attention to deep learning models.

Mensah et al. (2018) compared the performance of six models in their duplex output SEE study
to solve the issue of conclusion instability. They evaluated the performance of the ordinary
least square regression, ridge regression, stepwise regression, Elastic network regression and
the LASSO regression models benchmarked against the ATLM. The error metrics MAE,
BMMRE, and adjusted R?> were used in the study. The results showed that the ElasticNet
regression model outperformed the other models followed by the ATLM. The models used in
the study are conventional machine learning approaches, thus no consideration was given to
deep learning approaches in the study. Nevertheless, the authors recommended evaluating deep

learning approaches in subsequent studies.

Rahman and Islam (2019) performed a comparative study of machine learning algorithms to
software effort estimation (SEE). They investigated the relationship between the project size
in terms of the use case point (UCP) effort in person-hours. By comparing the root mean square
errors of the functional neural network, extreme learning machine and the decision tree, they
demonstrated that the decision tree algorithm provides a minimum of 10% better results for the
small-sized project and 6% better results for medium-sized projects. The extreme learning
machine achieved a 10% better results for the large-sized projects than the decision tree. The
study failed to analyse the practical and statistical significance of their approach. This is a major
drawback because without these robust statistical analyses, it difficult to confirm their

hypothesis and efficiency of the proposed methods (Kitchenham et al., 2017).



The studies discussed above and more (Banimustafa, 2018; Hosni et al., 2017; Pospieszny et
al., 2018; Sarro & Petrozziello, 2018; Song et al., 2019) performed comparative studies of
different machine learning algorithms. To the best of our knowledge, none of the studies
focused on deep learning. This study, therefore, investigates the prospect of deep learning in
SEE by evaluating the performance of conventional machine learning and deep learning

algorithms on small-sized SEE datasets.

2.2.2 Sizes of SEE Datasets

The unwillingness of huge software development companies to share project data due to
privacy and security concerns (Qi et al., 2017) and the high cost associated with data collection
renders effort estimation datasets to small (Song et al., 2018). Due to these challenges, the use
of historic effort data in the public domain is on the rise. Jing et al. (2016) also warned that
these data may contain missing inputs. Deleting or ignoring such inputs as used in reported in

SEE studies could render these datasets relatively small after pre-processing.

Song et al. (2019) and Jing et al. (2016) recommended using synthetic data bootstrapping and
data augmentation respectively to increase the size of effort estimation datasets. Adopting this
recommendation will increase the size of the data from small to either medium or large. Thus,
this study cannot adopt the recommendation as the focus is to evaluate the performance of the

models on a small-sized dataset.

Again, the description of effort estimation datasets as small has been done ambiguously.
Studies (Jing et al., 2016; Khatibi Bardsiri et al., 2014; Qi et al., 2017; Song et al., 2019; Song
et al., 2005) all described SEE datasets as small-sized. However, the size of the dataset used in
these studies vary and none of the studies presented the criteria used for describing the dataset

as small-sized.



2.2.3 Feature Selection Techniques In SEE

Feature selection has been used in SEE to reduce dimensionality and eliminate redundant
features that may be present in datasets (Hosni et al., 2017). Eliminating the redundant features
helps to reduce overfitting problem and better understand the effect of each attribute (effort

drivers) in the prediction model (Azzeh et al., 2008; Chen et al., 2005; Hosni et al., 2017).

Mensah et al. (2018) evaluated the performance of different feature selection approaches.
Precisely, they evaluated the genetic search, best first, subset forward selection, linear forward
and the random search algorithms to feature selection. Based on the findings of the study,
Mensah et al. (2018) recommended the genetic search as an optimum feature selection
approach in effort estimation. However, the genetic search algorithm to feature selection is
unlikely to select optimum features when the size of the dataset is small (Harik et al., 1999;
Tong & Mintram, 2010). Due to the scope of this study, (focus on small-sized SEE dataset),

the genetic search approach to feature selection cannot be adopted.

Mensah et al. (2018) did not consider the evaluation of the correlation-based feature selection
(Hall, 2000) approach. However, Minku and Yao (2013b) explained that the performance of
SEE prediction models improve significantly when correlation-based feature selection with
greedy stepwise search is used. Accordingly, this study adopts the correlation-based feature

selection approach.

2.3 Review on Deep Learning

Machine learning techniques have been applied in studies from a variety of domains like
computer vision, and healthcare (Hara et al., 2014; Voulodimos et al., 2018; Zander et al., 2005;
Zhang & Tsai, 2005). Machines learning techniques allowed computers to perform various
tasks without being explicitly programmed. They learn from data to allow computer or agents

make predictions or data-driven decisions (Cavalcante et al., 2019; Ning & You, 2018;
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Tsoukalas et al., 2015). Conventional machine learning techniques cannot learn representations
from data in their raw format. Building an efficient machine learning model required careful
engineering to design a feature extractor capable of selecting relevant information from the raw
data for the model training. This challenge inspired the inception of multi-layered neural

networks popularly known as deep learning (LeCun et al., 2015).

Deep learning techniques learn high-level abstraction in data by using hierarchical layers and
statistical techniques (Marcus, 2018). They are good at discovering intricate structures in high
dimensional data and therefore are applicable in many domains of science (LeCun et al., 2015).
Appreciable progress has been made in the world of artificial intelligence since its inception.
Deep learning models have shown successes in beating records in image recognition and
speech recognition (Hinton et al., 2012; Krizhevsky et al., 2012). Also, the field of medicine is
one industry benefiting from deep learning emergence. Image processing and analysis are been
used to analyse and classify medical images to detect tumours and fractured bones that need
skilled professionals to detect (Neill, 2013). Deep learning is been used to provide predictive
support to physicians to assist them in disease diagnosis and provide treatment based on data

available in the industry (Bini, 2018).

Deep learning techniques require large volumes of data and high computational power to
successfully learn intricate structures in the dataset to be able to generalise well on unseen
datasets (Xue-Wen Chen & Xiaotong Lin, 2014). Models trained in small datasets suffer from

overfitting which is a challenge (Feng et al., 2019; Ng et al., 2015; Perez & Wang, 2017).

2.3.1 Challenges of Small-Sized Dataset in Deep Learning
Deep learning thrives on large datasets to learn representation and patterns in the inputs to build
relationships to the outputs (Sawada & Kozuka, 2015; Xue-Wen Chen & Xiaotong Lin, 2014;

Zhao et al., 2019). Using a small amount of data in training deep learning models results in the
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overfitting problem (Feng et al., 2019; Ng et al., 2015; Perez & Wang, 2017). As stated earlier,
during training, the model is required to learn the patterns in the dataset. However, if the
amount of training data is small, the model may memorize the dataset instead of mapping it
from input to output (Bilbao & Bilbao, 2017). This leads to poor generalization on unseen data

i.e. the model performs well on the training data but performs poorly on unseen data (Bilbao

& Bilbao, 2017; Hawkins, 2004).

There is active research in the fields of healthcare, agriculture, computer vision and material
science to reduce the overfitting problem of deep learning models on a small amount of dataset
(Feng et al., 2019; Garcia & Barbedo, 2018; Souza et al., 2018; Wong et al., 2018; Xu et al.,
2018). Data augmentation, transfer learning, curriculum learning, regularisation techniques and
feature extraction have all been suggested to reduce the overfitting problem (Pasupa &

Sunhem, 2016; Perez & Wang, 2017; Wang et al., 2018; Wong et al., 2018).

Transfer learning requires using an existing pre-trained model in the domain and fine-tuning
the weights to solve the problem specific to the data (Pan & Yang, 2010). Prior to the study,
there were no available pre-trained models in software effort estimation that could be utilized
for this study. On the other hand, this study argues that adopting a data augmentation approach
would deviate from the set objectives. Adopting a data augmentation approach would increase
the size of the dataset from small to either medium or large, thus it will defeat the goal of
investigating the prospect of deep learning on small-sized datasets. Hence, The early stopping
regularisation technique was adopted for this study over the penalized forms of regularisation

because of the lower computational complexity of the early stopping (Raskutti et al., 2014).

2.3.2 Early Stopping
As mentioned earlier, the goal of deep learning model training is to obtain a model with

optimum generalisation performance. During model training, the model appears to be getting
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better i.e. the error on the training set appears to decrease after each epoch. However, it gets to
a point when the model gets worse i.e. the error on the unseen increases (Geman et al., 1992).
Overfitting is detected by the behaviour of the loss function which is optimised by the gradient

descent used (Poggio et al., 2018).

Gradient descent optimization algorithm enforces implicit regularisation controlled by the
number of iterations and asymptotically converges to the minimum norm solution for
appropriate initial conditions of gradient descent (Poggio et al., 2018). Thus, there is an
optimum early stopping that reduces overfitting of the loss function. This property of the
gradient descent is effective for many loss functions and is relevant especially for regression

models (Poggio et al., 2018).

Overfitting during neural network model training can be detected with cross-validation and
stopped before convergence is achieved. However, care must be taken not to stop the model
training when the training error decreases quickly. The reason being that generalisation error
has chances of being repaired and overfitting does not start until the error only decreases slowly

(Prechelt, 1998b).

2.4 Deep Learning and Software Effort Estimation

Deep learning approaches to effort estimation has not been extensively presented in literature.
Nonetheless, studies by (Choetkiertikul et al., 2019; Mensah et al., 2018) have adopted deep
learning. Shallow neural networks i.e. neural networks with a single hidden layer has also been
utilised in studies (Banimustafa, 2018; Mittas et al., 2015; Nassif et al., 2013; Pai et al., 2013;
Rijwani & Jain, 2016; Whigham et al., 2015). However, this study was interested in neural
networks with multiple hidden layers. The deep neural network (DNN) and the long-short term
memory are the two deep learning approaches presented in SEE literature. The LSTM has

adopted mainly by studies on the agile effort estimation approach.
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Mensah et al. (2018) adopted the deep neural network as the only estimation model to
investigate the significance of bellwether moving window in improving software effort
estimation. They argued that the deep neural network as a state-of-the-art machine learning
approach has better prediction accuracy than other approaches including the ATLM. The
LSTM was adopted by Choetkiertikul et al. (2019) to estimation story points (effort
measurement) in agile development. The reason the authors used the LSTM was that the LSTM
has few trainable parameters compared to the DNN and a memory cell for information

retention.

The LSTM has not been employed in effort estimation studies on traditional software
development but agile development. This study will be the first to investigate the use of LSTM

on traditional effort estimation data.

2.5 The Knowledge Gap

The studies discussed in this chapter have made contributions in the domain of SEE. However,
more work is needed to improve the accuracy of prediction models and also validate the use of
state-of-the-art prediction techniques in SEE. Previous studies have reported that the datasets
used for building SEE prediction models is small in terms of the number of project instances
present in the data (Qi et al., 2017; Song et al., 2018). However, these studies did not give a
threshold for describing SEE datasets as small. This leaves an open question for researchers to

address as to what SEE datasets can be classified as small-sized.

Again, studies investigating the use of deep learning models is SEE is lacking. Considering the
claim that SEE datasets are small in size and accurate deep learning models require large size
data for training, there is the need to investigate the prospect of this state-of-the-art machine
learning technique on the small-sized SEE datasets. This study acknowledges that conventional

machine learning models have better prediction accuracy than deep learning models on small-
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sized datasets. So, this study investigates the prospects of deep learning in SEE by comparing
its performance on smaller datasets to the performance of conventional machine learning

models.

2.6 Preliminary Concepts

2.6.1 Eubank’s Optimal Spacing Selection

The Eubank’s (1981) optimal spacing selection is an efficient approach for defining thresholds
in discretizing values in a continuous space. Mensah et al. (2018) argued that the Eubank’s
optimal spacing selection approach produces optimal spacing selection threshold for
discretising effort into classes. They used the Eubank’s optimal spacing selection approach to
classify effort predictions into three class, that is low effort, moderate effort and high effort in
the study to solve the conclusion instability problem in software effort estimation. Accordingly,

it was adopted to define a threshold for the various class of sizes (small, medium or large)

Eubank, (1981) introduced a density quantile function approach to optimal spacing selection
for linear estimation of location. The spacing selection approach introduced by Eubank, (1981)
uses the sample quantile function over an interval, say, [p,q] < [0,1] to estimate the location
and scale parameters for a censored set of order statistics. The sample quantile function
produces optimal asymptotic spacings. The asymptotically optimal spacings agree with the
optimal spacings, thus, it can be used as a threshold value for the spacing selection. The density

quantile function is defined in equation (2.7).

Qw)=Ftw),0<u<1 (2.1

Where F is the censored set distribution function and u is the location parameter for defining

the asymptotically optimal spacing.
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2.6.2 Kernel Density Plot
Kitchenham et al. (2017) recommended the kernel density plot be used for visualising
distribution in datasets. They argued that the kernel density plot provides sufficient information

on distributions of datasets when compared to boxplots.

Histograms are also appropriate ways of visualising the distribution in datasets. However, there
can be variations in the histogram plot for the same dataset when the number of bins is varied.
Tukey (1977) resolved this variation by using the kernel density estimation. The kernel density
estimation solves the probability density function of a variable by smoothening its histogram.

The total area under the kernel density curve is one.

2.6.3 Statistical Test

The statistical significance of a prediction is affected by the size of the dataset used to train the
prediction model. Obtaining a high statistical significance power for models trained with small-
sized data is challenging (Bosu & Macdonell, 2019). Empirical software engineering studies
test for the statistical significance power of models using Yuen’s t-test, Scott-Knott test and

Kruskal-Wallis.

Kitchenham et al. (2017) recommended a non-parametric test (t-test) for measuring the
statistical significance when the size of a dataset is small but normally distributed. Kitchenham
et al. (2017) argued that t-tests are appropriate based on evidence from the Central Limit

Theorem. The t-test adopted for this study is Yuen’s t-test.

Yuen’s test (Yuen, 1974) is robust pairwise testing on two vectors of data samples based on
their trimmed means. The Yuen’s test is reduced to Welch’s t-test (Welch, 1947) if the means
of the data samples are not trimmed. The trimmed means is used as a measure of the central

location of the data samples to test for the significant difference between them.
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2.6.4 Practical Significance of Prediction Models

Measuring the effect size of observations is important irrespective of the statistical significance.
Statistical significance tests focus on rejecting the null hypothesis and do not provide
information on the magnitude of the impact of the observation (Macbeth et al., 2010). There
are several effect size measurements like the Cohen d (Cohen, 1988), Glass delta (GLASS,
1976) and Hedge’s g (Hedges, 1981). The above effect size measurements are appropriate for
observations that obey the normality and homoscedasticity assumptions. For non-normal
distribution of observation, Cliff’s delta method is recommended measure (Macbeth et al.,

2010).

Kitchenham et al. (2017) also recommended Cliff’s delta as a robust non-parametric measure
to find the practical significance of proposed interventions in the field of software engineering.
Cliff’s delta measures the overlap between the two data samples, in the case of this study, the
actual effort for the project and the estimated effort for the project. Cliff’s delta is not affected
by outliers because it does not assume the data sample to follow a distribution. Nonetheless,
outliers in the data sample for this study will be identified and removed to ensure models are

not affected.

2.7 Chapter Summary

The chapter reviewed the application of machine learning for software effort estimation. The
review acknowledged that there has been progress in research on machine learning techniques
for effort estimation. However, the review identified that two studies adopted deep learning for
effort estimation with one study (Choetkiertikul et al., 2019) focusing on agile development
effort estimation. The number and publication year of these studies showed that much work
has not been done to investigate deep learning approaches in effort estimation compared to
studies on conventional machine learning approaches. Also, it was identified that SEE datasets
have been described as small-sized. Yet, the studies did not state the criteria for describing

17



these datasets as small-sized. These identified knowledge gaps formed the basis and

justification for this study.

The aim of this study is investigating prospect deep learning on smaller-sized effort estimation
datasets. To this effect, this chapter included a review on the application of deep learning on
small-sized datasets in other domains. The reason being that the two software effort estimation
studies which used deep learning did not focus on small-sized SEE datasets. From the review,
Early Stopping regularisation was identified as a suitable technique for improving the
performance of the deep learning models in this study. Also, the preliminary concepts adopted
in this study were discussed in this chapter. The discussion of these concepts included the

theoretical justification for their use in this study.
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CHAPTER THREE

3 PRELIMINARY STUDY

3.1 Overview

Software effort estimation datasets have been described as small-sized ambiguously in
literature. There is no defined threshold for describing these datasets as small-size. Studies
(Jing et al., 2016; Khatibi Bardsiri et al., 2014; Qi et al., 2017; Song et al., 2019; Song et al.,
2005) have described SEE datasets as small-sized. However, the datasets these studies used
vary. To solve this problem, this study introduces a discretization scheme for defining relatively
small-sized effort estimation dataset. To build the discretisation, there was a need to survey all

current SEE datasets.

This study extracted current SEE datasets by conducting a systematic literature review on SEE
datasets used for machine learning models. The extracted datasets are then used to develop the

discretization scheme.

3.2 Chapter Objective

The objective of this chapter is to develop a discretization scheme for describing relatively
small-size SEE datasets. To achieve this, a systematic literature review in the area field of
software effort estimation was conducted. The review focused only on studies using machine
learning approaches for estimating effort. The review answered one research question, i.e. what

are the datasets used in the study?

3.3 Search and Selection Process

3.3.1 Selection Criteria
To extract datasets used to train effort estimation models, the following inclusion and exclusion

criteria were defined.
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Inclusion Criteria

i.  The study was published between 2010 and 2019.
ii.  The study was published in a journal.
iii.  The study uses a machine learning approach for the estimation.

iv.  The dataset used is in the public domain or repository.

Exclusion criteria

1. Studies that were not published in English were excluded.
i1.  Review articles were excluded as they do not perform empirical analysis.
iii.  Conference papers were excluded with the assumption publicly available datasets that

are presented in conference papers would have been already published in journals.

3.3.2 Search Process

To select relevant studies for the review, an automated search process was performed on three
electronic databases (ACM digital library, IEEE Xplore and ScienceDirect). The selected
electronic databases are amongst the popular databases in the field of Computer Science and
Engineering, so a projection was made that it would contain relevant studies on the subject of
research. Also, as part of the selection of the electronic databases, the rate of content update in

these databases was considered.

3.4 Results of Review

The search for primary studies from the three electronic databases identified thirty-seven
papers. Twenty-five (25) of the primary studies were retrieved from the Sciencedirect digital
library. Majority of the papers were retrieved from the Sciencedirect database because contains
more journals dedicated to empirical software engineering than the other two databases (ACM
digital library and IEEE Explore). Seven (7) primary studies were retrieved from IEEE Explore

and five (5) from the ACM digital library.
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During the dataset extraction phase of the review, it was observed that some studies used
datasets that are in the public repositories and ones that are not in any public repository. In such
instances, the datasets not in the public domain were ignored and datasets in the public domain
recorded. Dataset was identified as public when it is available in a public repository like the
PROMISE repository or Github. Also, datasets that were presented by authors as an appendix
in the study were identified as public datasets. This was included as public because they are

available to researchers.

A total of twenty-three distinct datasets were extracted from these studies. The twenty-three
datasets did not include datasets that are not in the public domain or have levels of restrictions
to its usage. The dataset with the studies that used it is presented in table 3.1. COCOMOS1 and
Desharnais are the most datasets in the selected primary study. The two datasets, COCOMOS81
and Desharnais are part of the oldest SEE datasets available and thus has the advantage of usage

in SEE studies. Although these are the frequently used datasets, caution must be taken in using

these as they may be obsolete and not suitable for modern software engineering practices (Mair
et al., 2005). It was also noted that the Albrecht, Kemerer and Maxwell datasets have had a fair

usage in SEE studies.

3.5 Discretization Scheme

This study agrees with Hua et al. (2005) that the number of features in a dataset should be
strictly less than the number of instances to prevent overfitting. Assuming a dataset has N
instances, then per the definition of Hua et al. (2005), the upper threshold for the number of
features F' should be N — 1. Following this, the Sdr dataset which has 23 features to 12 project

instances was dropped for this study.
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Table 3.1: Datasets and corresponding studies that used it

Total
Dataset Reporting Studies Papers
P1, P2, P3, PS5, P7, P8, P9, P11, P12, P17, P19,
Albrecht P23, P24, P32, P35 15
Atkinson P21 1
Bielak P31 1
China P2, P3, P7, P11, P12, P17, P21, P24, P35, P36 10
P1, P2, P3, P5, P7, P9, P10, P11, P14, P15, P16,
P17, P18, P20, P22, P23, P24, P28, P29, P30,
Cocomos81 P35, P36 22
Cosmic P17, P36 2
P1, P2, P3, P4, P5, P6, P7, P8, P9, P11, P12,
Desharnais P15, P17, P19, P22, P23, P24, P30, P31, P35 20
Finnish P1, P3, P7, P12, P27, P35 6
P1, P2, P3, P7, P8, P9, P11, P12, P17, P23, P24,
Kemerer P32, P35, P36 14
Kitchenham P3, P6, P10, P12, P17, P21, P36 7
Lopez-Martin, (2011)
Data 1 P37 1
Lopez-Martin, (2011)
Data 2 P37 1
P1, P2, P3, P4, P7, P10, P11, P12, P15, P17,
Maxwell P21, P22, P29, P35, P36 15
Miyazaki P8, P17, P24 3
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Miyazaki94 P1, P3, P7, P19, P35 5

P2, P4, P11, P12, P13, P15, P17, P20, P23, P30,

Nasa P34 11

P1, P3, P5, P7, P10, P12, P16, P20, P25, P26,

Nasa93 P30, P35, P36 13
Qi et al. (2017) Java Data P33 1
Qi et al. (2017)Web Data P33 1
Sdr P1, P3, PS5, P7, P20, P30, P35 7
Telecom1 P1, P2, P3, P7, P8, P11, P12, P17, P21, P35 10
Tukutuku P28 1
USPO05 P4, P17 2

The remaining twenty-two (22) datasets from the systematic literature review were used to
develop the discretization scheme. Table 3.2 shows these datasets with their respective number
of features, project instances and ranking. The rankings of the size of the datasets were based
on the number of project instances. The features were not considered in determining the size

of the dataset since the number of reported features varied from each dataset examined.

In this study, a given dataset is classified as small, medium or large based on the number of
project instances. The classification scheme was based on Eubank’s optimal spacing theorem
(Eubank, 1981). The theorem, making use of the quantile function was used to discretize the
rankings of the number instances into three classes i.e. first quartile class (Q1), second quartile
class (Q2), and the third quartile class (Q3). All studied datasets having their ranks to be less
than or equal to the first quartile class were classified as the small-sized dataset. Alternatively,

all datasets with their ranks greater than or equal to the third-class quartile were classified as
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large size dataset. Then all datasets with their ranks between the first and third quartiles were

classified as medium.

3.6 The Outcome of Discretization Scheme

From the discretization scheme defined, six datasets (Kemerer, Atkinson, Telecom1, Albrecht,
Finnish and Cosmic) felled in the first quartile range. These datasets are classified as small-
sized. The discretisation scheme defined a maximum threshold of 43 project instances for
describing a given SEE dataset as small-sized. Thus, a given SEE dataset is small-sized if the

number of project instances in the dataset is less than 44.

The discretisation scheme defined a minimum threshold of 147 project instances for classifying
a dataset as large-sized. Thus, a given SEE dataset is large-sized if the number of project
instances in the dataset is greater than 147. These datasets were the dataset presented by Qi et
al. (2017) for estimating effort for a java software project, Tukutuku, Bielak, Dataset 1 from

Lopez-Martin (2011), USPOS5 and China datasets.

Datasets with project instances within the ranges 44 and 146 inclusive are classified as
medium-sized. Thus, ten datasets (Miyazaki94, Miyazaki, Qi et al. (2017) Web data, Nasa,
Cocomo81, Maxwell, Lopez-Martin (2011) Data 2, Desharnais, Nasa93 and Kitchenham) were

classified as the medium-sized dataset.

The threshold values for the classification were obtained from the use of the Eubank’s optimal
spacing theorem. A threshold of 43 project instances for small-sized. Dataset with instances
between 44 and 146 inclusive as medium-sized and datasets with project instances greater than

146 as large-sized.

3.7 Chapter Summary
This chapter defined a discretisation scheme for defining relatively small, medium or large-

sized software effort estimation dataset. The discretisation scheme was based on Eubank’s
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optimal spacing theory using the density quantile function. To build the discretisation scheme,
there was a need to identify all current software effort estimation datasets. A systematic
literature review on machine learning approaches for software effort estimation was conducted

to identify all current SEE datasets.

The review identified 23 distinct SEE datasets that are in the public domain. Twenty-two (22)
which satisfied the recommendation by Hua et al. (2005) were used to develop the
discretisation scheme. Six datasets, namely the Albrecht, Atkinson, Cosmic, Finnish, Kemerer
and Telecoml were classified as small-sized and a threshold of 43 project instances was
defined to classify a dataset as small-sized. Ten datasets were classified as medium-sized with
the number of project instances within 44 and 146 inclusive. Six datasets were classified as

large-sized with a lower threshold of 147 project instances.

Table 3.2: The discretisation of datasets in quartiles

Dataset Source Features | Instances | Rank | Quartile
Kemerer PROMISE 7 15 1 Q1
Atkinson PROMISE 14 16 2 Ql

Telecom1 PROMISE 3 18 3 Ql

Albrecht PROMISE 8 24 4 Ql

Finnish PROMISE 8 38 5 Ql

Cosmic PROMISE 11 42 6 Q1
Miyazaki PROMISE 8 48 7 Q2

Miyazaki94 PROMISE 8 48 8 Q2
Qietal. (2017) Web Q2
data Github 8 49 9
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(Mendes & Q2
Kitchenham,

Tukutuku 2004) 9 53 10
Nasa PROMISE 17 60 11 Q2
Cocomo8l1 PROMISE 17 63 12 Q3
Maxwell PROMISE 24 63 13 Q3
(Lopez- Q3

Lopez-Martin, Martin,

(2011) Data 2 2011) 9 68 14
Desharnais PROMISE 9 81 15 Q3
Nasa93 PROMISE 24 93 16 Q3
Kitchenham PROMISE 9 145 17 Q4
Qietal. (2017) Java Q4

data Github 8 147 18
(Bielak, Q4

Bielak 2000) 4 152 19
(Lopez- Q4

Lopez-Martin, Martin,

(2011) Data 1 2011) 9 163 20
USPO05 PROMISE 17 203 21 Q4
China PROMISE 17 499 22 Q4

Q1 denotes the first quartile

Q2 denotes the second quartile

03 denotes the third quartile

04 denotes the fourth quartile

PROMISE — PRedictOr Models In Software Engineering
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CHAPTER FOUR

4 METHODOLOGY

4.1 Overview

This chapter presents the empirical framework and the experimental set up of the study. The
empirical framework discusses the data pre-processing techniques, the feature selection
techniques and the model evaluation adopted for the study. It also includes a description of the
datasets and models used. The model design procedure is presented in the experimental set

section.

4.2 Empirical Framework

These section presents the empirical framework of the study. Specifically, it discusses the
datasets, the data pre-processing techniques, feature selection and performance measures used
in the study.

4.2.1 Data Description

The study identified twenty-two (22) datasets from the PROMISE and Github repositories
based on the systematic literature review in chapter 3. Six of the 22 datasets were classified as
small based on the classification in section 3.6. Thus, these six datasets were adopted for
comparative analysis. All six datasets (Albrecht, Atkinson, Cosmic, Kemerer, Finnish, and
Telecom1) satisfied Hua et al. (2005) proposition. The number of project instances, number of
features, description of project type, the mean and standard deviation of all six datasets are

presented in table 4.1.

Albrecht Dataset

The Albrecht dataset contains 24 project cases developed with third generational language
(3GL) from IBM. Eighteen (18) of the projects were written in COBOL, four in PL1 and two
in the DMS language. The dataset contains seven independent features for estimating effort.

The effort is recorded in 1000-person hour.
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Atkinson Dataset
The Atkinson contains 16 project cases undertaken to build a telecommunication product in

the U.K. The dataset has 12 input features and the effort is recorded in man-month.

Cosmic Dataset
The Cosmic dataset contains 42 project case. The dataset has ten input features and the effort
is recorded in man-month. The dataset is in the PROMISE repository but further information

concerning the organization, programming language about the data is not available.

Table 4.1: Description of selected datasets for building prediction models

Mean Std
Dataset Instances | Features Description (Effort) (Effort)
Albrecht 24 7 IBM DP Services Project 21.875 28.4179
Builds to a large
telecommunications
Atkinson 16 12 product at U.K. company X | 456.062 241.07
Cosmic 42 10 N/A 4965.5 8457.1
Data collected by the
TIEKE organization from
IS projects from nine
Finnish 38 6 different Finnish companies | 7678.29 | 7135.28
Kemerer 15 6 Large business application | 219.247 | 263.055
Enhancement to a U.K.
Telecoml 18 2 telecommunication product | 284.338 | 264.715
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Finnish Dataset

The Finnish dataset is cross-company projects dataset. it was collected from nine different
Finnish companies by the TIEKE organization. The dataset initially contained 40 project case,
however, Kitchenham and Kansala (1993) reported that two of the project cases were removed
due to missing values. This resulted in the dataset having 38 project instances and six input

features. The effort is recorded in person-hours.

Kemerer Dataset
The Kemerer dataset is company-specific. It contains 15 completed business data processing
projects of the same company. The dataset has six independent features that can be used to

estimate project effort. The effort is measured in person-month.

Telecoml Dataset
The Telecoml dataset contains 18 software enhancement projects undertaken on a U.K.
telecommunications product. The version of the dataset available for this study has two (2)

input features for estimating effort.

4.2.2 Data Pre-Processing
High-quality data is crucial in training machine learning models (Ilg et al., 2017). To ensure
data quality (i.e., address the issues of missing data, outliers, and influential points) all the

datasets were pre-processed. The flowchart of the data pre-processing phase is shown in figure

4.1.

Missing Data Treatment
An analysis of all six datasets was performed to address missing data values. Columns of each
project instance were checked for null or NaN values to remove such project instances. None

of the datasets contained missing data value.
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Resolving Outliers and Influential Data Points

Outliers and influential data points render data not fit to be used in building estimation models
(Bosu & Macdonell, 2019). To make such data worthy to be used in building estimation
models, the issue of outliers and influential data points must be resolved. Thus, this study
adopted Mendes & Kitchenham’s (2004) approach to resolve it. Investigations were conducted
to identify the effect of outliers and influential points. The untransformed data was first fitted
on an ordinary least square (OLS) model to observe the effect of outliers and influential points.
After that, it was transformed and fitted on the OLS model again to observe the changes in the
effect of the outliers and influential data points. Subsequently, the outliers and influential data

points were identified and removed.

The outliers were identified based on the Cook’s distance measure approach and kernel density
plots suggested by Kitchenham et al. (2017). A data point is considered an outlier if its Cook’s
distance measure is three times more than the mean Cook’s distance as suggested by Seo &

Bae (2013).

On the issue of influential data points, DFFITS was used to determine such data points. Data
points whose DFFITS was greater than one (1) were considered influential (Belsley et al., 2005;

Mensah et al., 2018).
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Figure 4.1: Flowchart of the Data Pre-processing Stage
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4.2.3 Kernel Density Plots
The study adopted the kernel density plot to visualise the distribution of the datasets. The kernel

density plots showed that the distribution of the datasets improved after pre-processing.

The graph in figure 4.2a showed that the Albrecht dataset contained outliers and is skewed to
the right. The distribution of Albrecht dataset was close to normal after the data pre-processing

as shown in figure 4.2b.

The Atkinson dataset looked normally distributed before pre-processing as shown in figure
4.3a. However, it contained influential data points. After eliminating the influential points, the
Atkinson dataset skewed to the left and thus was log transformed. The kernel density plot after

the pre-processing is shown in figure 4.3b.

The plot for the Cosmic dataset was skewed to the right as shown in figure 4.4a. The Cosmic
dataset contained outliers and influential data points. After pre-processing the Cosmic dataset
to remove the outliers and influential data points and log transforming the Effort variable to
reduce the skewness, the kernel density plot showed that the distribution was close to normal

as shown in figure 4.4b.

Likewise, the Finnish, Kemerer and Telecom1 datasets also had their distributions skewed to
the right due to the presence of outliers and influential data points. The plots for these datasets
are shown in figures 4.5a, 4.6a and 4.7a respectively. After pre-processing these datasets, the
kernel density plots showed that their distributions were close to that of a plot of a normal
distribution. However, the plot of the Telecom1 dataset had two points were the log(Effort)
values were concentrated. The plots after pre-processing are shown in figures 4.5b, 4.6b and

4.7b respectively.
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Figure 4.2: (a) Kernel density plot of Albrecht dataset. (b) Kernel density plot of pre-

processed Albrecht dataset
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Figure 4.3: (a) Kernel density plot of Atkinson dataset. (b) Kernel density plot of pre-

processed Atkinson dataset
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Figure 4.4: (a) Kernel density plot of Cosmic dataset. (b) Kernel density plot of pre-

processed Cosmic dataset
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Figure 4.5: (a) Kernel density plot of Finnish dataset. (b) Kernel density plot of pre-

processed Finnish dataset
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Figure 4.6: (a) Kernel density plot of Kemerer dataset. (b) Kernel density plot of pre-

processed Kemerer dataset
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Figure 4.7: (a) Kernel density plot of Telecom1 dataset. (b) Kernel density plot of pre-

processed Telecoml dataset
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4.2.4 Feature Selection

To avoid multicollinearity, correlation-based feature selection (CFS) (Hall, 2000) was used.
Minku and Yao (Minku & Yao, 2013b) explained that the performance of SEE prediction
models improve significantly when correlation-based feature selection with greedy stepwise
search is used to pre-process. Feature selection facilitates the selection of informative and
relevant features to enhance model training. CFS is a multivariate filter approach to feature
selection. Its output is dependent on the search strategy used (Hosni et al., 2017). In this study,
the CFS with the best-first search approach was used. This according to Hall (2000) selects
optimal features from a data compared to CFS with other search strategies like the forward
selection. CFS evaluates and ranks feature subsets using Pearson’s correlation. This is based
on the hypothesis that, a good feature subset contains features highly correlated with the

dependent variable, yet uncorrelated with each other.
Ghiselli (1964) formalised this heuristic as:

Merit KTy
erity = .
* Skt k(k= D)1y, 1)

Where, Merit, is the heuristic “merit” of a feature subset set S containing k features, 7 the
average feature class correlation and 77y the average feature-feature intercorrelation. The

correlation coefficient between the features was set to 0.9. Each dataset with the total number

of features and the number of features selected after the feature selection is shown in table 4.2.

Table 4.2: The outcome of feature selection

Number of Features
Dataset Features Selected
Albrecht 7 6
Atkinson 12 5
Cosmic 10 10
Finnish 6 5
Kemerer 6 5
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| Telecoml | 2 | 2 |

4.2.5 Model Selection

Four conventional machine learning models and two deep learning models were adopted for
this study. All the selected conventional machine learning models have been used in recent
effort estimation studies and have been proved as effective effort estimation models. The two
deep learning models are models suitable for regression problems and been used for effort
estimation either in the traditional or agile development environment. This study is limited to

these six estimation models.

Automatically Transformed Linear Model

The Automatically Transformed Linear Model (ATLM) was proposed by Whigham et al.
(2015) to serve as a baseline model for comparative studies in SEE. The model is based on a
multiple linear regression (MLR). Equation (4.2) in the form of MLR implemented in ATLM.
The ATLM performs an automatic data pre-processing. It performs log and square-root
transformations on the data and compares the skewness in the dependent and independent
variables. The transformation that results in less skewness is used for model construction and
effort prediction. The ATLM performs an inverse transform on the predicted effort values to

make the predictions meaningful compared to the untransformed data.

Vi = Bo + Brx1; + PoXo + o+ Prfri + & 4.2)

Elastic Net Regression
Elastic Net regression is recommended as a baseline SEE approach by Mensah et al. (2018).
The elastic net (Zou & Hastie, 2005) performs regularisation and feature selection to eliminate

highly correlated estimator variables before constructing the model. Given input data with N
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observation pairs (x;, ;) and an approximated regression function E(Y|X = x) = B, + x5,

the elastic net solves defined by Friedman et al. (2010)

N
1
A — . L R — T2 3)
P oo Bt ZNZ(y‘ Bo —xT)2 + AP,(B)

i=

Where P, is the elastic net penalty given by
; ' 4.4)

Falf) = [5(1 —Of 0‘|ﬁj|]

For j =1, ...,p. The P, is used in finding highly correlated input variables (Zou & Hastie,

2005).
Mensah et al. (2018) was the first study to implement the elastic net model in effort estimation.

Bayesian Network
Bayesian network (BN) is a graphical model that encodes the probabilistic relationship between

related variables. BN is determined by a pair as:

BN = (G, P) 4-5)

Where G is a directed acyclic graph with nodes X; and P is the local probability of all variables
in the network. For instance, given node X; connected to node X, and node X, connected to
node Y, then the conditional probability of finding Y as defined by Fuentetaja et al. (2013) is

given as

P(Y/X3,X1) = P(Y/X) (4.6)
The joint probability of each variable satisfies the Markov’s condition that each variable X; is

conditionally independent of the set of all its non-descendants. The distribution is factorised as

P(X,, ., X,) = 1_[ P(X;|m(X)) 4.7
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Where 7(X;) is the set of nodes directly connected to X;. The Bayesian network takes into

account the probability effect of each input variable on the dependent variable.

Classification and Regression Tree

The classification and regression tree model recursively partitions data and fits a prediction
model within each partition. It is represented graphically by a decision tree where dependent
variables take continuous values for regression tree and a finite set of values for a classification

tree.

Deep Neural Network

Deep neural network (DNN) is an artificial neural network with multiple hidden layers. The
DNN finds a relationship between input variables and the output variable by assigning weights
to the inputs. Mensah et al. (2018) recommended that DNN with two hidden layers is
appropriate for effort estimation. Accordingly, the DNN model was set up with two hidden
layers and the rectified linear activation (Relu) function. The Relu preserves the properties of
linear models that make it easier to be optimised (Goodfellow et al., 2016). Also, the decision
to choose the Relu function was informed by the logic that effort prediction should not be

negative. The Relu is defined in equation (4.8) as

Relu(x) = max (0,x) (4.8)

Taking the weights assigned to the neuron as w;; at the start of training. The weights are

updated after each training epoch (t) to WL.(].HD where the change in weights (Awi(jHl)) is
defined in equation (4.9) as
OL(.
AwY = yAwt — ) (4.9)

Y Y d Wi j

Where y is the learning momentum, « is the learning rate and L(.) is the loss function.
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Long-Short Term Memory

The long-short term memory (LSTM) is a variant of the recurrent neural network that solves
the vanishing gradient problem (Hochreiter & Schmidhuber, 1997). The LSTM uses a loop in
the network that allows information to persist in the network. Given a data (X,Y) with
(x4, -, Xp) € X and outputs (yq, ..., ¥n) € Y. At step t the LSTM reads input x;, the hidden
state h;_, and the previous memory c;_; to compute hidden state h;. The hidden state h; is
used to predict the output y,. The memory cell is the element that stores the accumulated

information over time. The structure of the LSTM network is shown in Figure 4.8.

The LSTM model was also set up with two LSTM layers and the glorot uniform kernel

initializer was used. The Relu activation function was used for all layers in the network.

hy h, h, hs hs hy
ey I B BT 1
LSTM => | LSTM | LSTM [ LSTM | LSTM . - ] LSTM
Tt I R AR R f
Wi Wy b W3 Wy Wy

Figure 4.8: The LSTM network (Choetkiertikul et al., 2019)

4.2.6 Performance Measure

Mean absolute error (MAE) is a reliable and robust performance measure for assessing
software effort estimation models (Foss et al., 2003; Shepperd & MacDonell, 2012). It has been
successfully employed to evaluate the prediction accuracy of SEE models (Choetkiertikul et
al., 2019; Hosni et al., 2017; Mensah et al., 2018; Song et al., 2019) and thus it was adopted
for this study. The MAE is a risk function and it measures the average error magnitude. The

MAE is defined as:
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n
1
MAE = EZ'EAL' — Eg| (4.10)
i=1

where E, is the actual effort of a project case or instance and Ej is the estimated effort of a

project instance with n number of instances.

4.2.7 Statistical Significance of Models

As recommended by Kitchenham et al. (2017) Yuen’s test (Yuen, 1974) was used to calculate
the statistical significance of the models. This because, it is a robust statistical test that
combines trimmed means and Welch’s test (Welch, 1947) to compare the central location of
two samples (Yuen, 1974). It is not sensitive to changes at lower tails because of the trimmed
means, thus, the number of degrees of freedom is reduced (Kitchenham et al., 2017). Yuen’s
method gives better results in terms of type I error, probabilities and probability coverage

(Wilcox, 2012). The confidence interval was set to 0.95 in this study.

4.2.8 Practical Significance of Models

Effect size is useful regardless of the statistical significance of a test statistic because it provides
an objective measure on the practical importance of the experimental effect (Arcuri & Briand,
2014). Kitchenham et al. (2017) recommended using Cliff’s method (Cliff, 1993) for finding
the effect size of non-parametric problems. This study adopted Cliff’s 6 effect size to evaluate
the practical significance of the models used. Cliff’s 6 effect size is defined in equation (4.171).

where y; is the actual effort and the ¥; is the predicted effort of each dataset. The number of

project cases in the actual and predicted classes are denoted by n and m respectively.

To interpret the practical significance, Kampenes et al. (2007) defined effect size as negligible
(6 <0.112), small (0.112 <6 < 0.276), medium (0.276 < & < 0.427) and large (6 > 0.427).
Mensah et al. (2018) agreed that results are misleading when the effect size is small or

negligible and recommended using the effect size threshold of medium to large. However, this
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study adopts an effect size threshold of negligible (& < 0.112), with the argument that there
should not be a huge practical significance difference between the actual effort and the
predicted effort.

5 SUM(y; > 9;) — SUM(y; < 9))
nm

@.11)

4.3 Experimental Set-Up

Six prediction models were each trained on the selected datasets. The models were set up using
the leave-one-out cross-validation (LOOCV) (Kocaguneli & Menzies, 2013) and the model’s
predictions were evaluated using the mean absolute error (MAE). The flowchart of the

experimental phase is shown in figure 4.9.

All the experiments were executed on Nvidia Graphics Processing Unit (GPU) laptop running
on Ubuntu 18.0 Linux operating system. The Anaconda software with the Python3 and CUDA
toolkit was installed. Python has efficient libraries for machine learning. The Sci-kit learn and
Keras with Tensorflow libraries were installed. These are popular python libraries for
conventional machine learning and deep learning. The CUDA toolkit provides the development
environment for Nvidia GPU computing. The Keras and Sci-kit learn libraries contains the
implementation of deep learning and conventional machine learning algorithms as well as the

loss functions and tools for data pre-processing like the Pandas and NumPy.

4.3.1 Performance of Deep Learning Models Against Conventional Machine Learning
Models

As mentioned earlier, two deep learning techniques, the Deep Neural Network (DNN) and the

Long-short term memory (LSTM) were modelled against three conventional machine learning

approaches, ElasticNet regression, Bayesian Network (BN) and Classification and regression

tree (CART). These models were benchmarked against the Automatic transform linear model

43



(ATLM). Before setting up these models, all datasets were pre-processed using the data pre-
processing procedure described in the data pre-processing section 4.1. Additionally, log
transformation was applied as described by Mendes & Kitchenham, (2004) to the datasets to

reduce the effect of skewness on the prediction model.

Chen et. al. (2005) argued that a model’s performance can be improved through feature
selection. Hence, correlation-based feature selection was applied as described in section 4.1 to
select features that are relevant for model construction; features that are highly correlated with

the predictive variable but uncorrelated with each other.

Similar to partitions adopted by (Dejaeger et al., 2012; Vinay Kumar et al., 2008), each of the
datasets was partitioned in training and test sets in a holdout approach, thus 80% as a training

set and 20% as the test set. This approach was adopted so models can be evaluated on unseen

data. Models were trained on the 80% set using the LOOCV. The final model is evaluated on
the 20% test dataset. The MAE values are obtained from evaluating the performance on the

test set and not values outputted during the model training.

4.3.2 Improving the Performance of Deep Learning Models

Based on the suggestion of Louati & Ktata, (2020), the effectiveness of early stopping as a way
of improving the prediction performance of a model was investigated. Geman, et al. (1992)
stated that all deep neural networks are prone to overfitting. It was observed that while the error
measure of deep neural networks appeared to improve after each training epoch. However, it
got to a point the error started increasing steadily. According to Prechelt (1998a), that is the
point of overfitting. Goodfellow et al. (2016, p. 247) recommended early stopping
regularisation technique as an approach to stopping the training. Accordingly, the study used
early stopping to halt the model training. The models were again evaluated on the 20% test set

to check if there were improvement in performance after early stopping.
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Figure 4.9: Flowchart of the Empirical Study
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4.4 Chapter Summary
The chapter presented the empirical framework of the study. It included the description of the
datasets used for the study, the data pre-processing techniques used, the feature selection

method, model selection and evaluation measures.

It also described the experiment design which was in two phases. The first experiment designed
to solve objective 3 of the study. A second experiment was designed to improve the prediction
performance of the deep learning models using the Early Stopping regularisation. All the
models were trained using the leave-one-out cross-validation. With the experiments completed,

the next chapter presents the results.
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CHAPTER FIVE

5 RESULTS

5.1 Overview

The preceding chapter discussed the empirical framework and the experimental set for the
comparative study. This chapter presents the results obtained by the models. It evaluates the
mean absolute error (MAE), p-values from the Yuen’s t-test and Cliff’s delta effect size for
each studied model on each of the selected datasets. The focus is to compare the MAE of the
deep learning models to the conventional machine learning models. The p-values and Cliff’s
delta effect size is to show the statistical significance and practical significance of each of the

models.

5.2 Performance of Deep Learning Models Against Conventional Machine Learning
Models

The graph of the recorded mean absolute errors (MAE) of the six selected models is shown in

Figure 5.1. The results showed that conventional machine learning approaches produced better

results on small-sized datasets compared to the deep learning approaches. The results

corroborate findings in other fields like material science (Feng et al., 2019) that conventional

machine learning approaches perform better than deep learning approaches on small-sized

datasets.

The results showed that the ElasticNet regression model was outperformed by the deep learning
approaches. The benchmark model, ATLM, had the best average MAE value of 0.1585 across
all the six datasets. The Bayesian network (BN) and the classification and regression tree
(CART) models achieved an average MAE of 0.1721 and 0.1804 respectively. The results from
the deep learning models (DNN and LSTM) outperformed the ElasticNet model with an
average MAE of 0.2026 and 0.2146 respectively.
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The statistical significance of the results was assessed with the p-values. The p-values from the
Yuen’s test on the model’s prediction were within the 0.05 asymptotic significance level. This
shows that predictions from the models are statistically significant. Nonetheless, the deep
neural network model trained on the Atkinson dataset had a p-value of 0.0629 which is above
the acceptable 0.05 asymptotic level. Although the p-value was above 0.05, the study failed to
reject the predictions from the DNN model because its prediction on the other datasets were

statistically significant.

Evaluating the practical importance of the models showed that Cliff’s 6 effect size for all the
models were negligible (6 < 0.112) following Kampenes et al. (2007) definitions. Meaning
there is a small difference between the actual effort values and the predicted effort estimations.
This shows that the magnitude of effect in the prediction power of the models is not high. Thus,
the predictions from the models are meaningful in the real world. The performance of the

models for each dataset is discussed in the subsections below.

The Bayesian Network is the highly practical significant model on the Albrecht dataset. The
ATLM, DNN and CART models had a Cliff’s delta effective size of 0.0051 on the Atkinson
dataset making them the models with the highest practical significance of the Atkinson
datasets. The CART model was the most practical significant model for the Cosmic and Finnish
datasets with a Cliff’s delta effect size of 0.0007 and 0.0008 respectively. The ATLM,
ELasticNet, Bayesian network and CART models had a Cliff’s delta effect size of 0.0102 on
the Kemerer dataset. The ATLM and CART model were the most practically significant
models with Cliff’s delta effect size of -0.0044 and 0.0044 respectively. A negative Cliff’s
delta effect size shows the number of predicted effort greater than the actual effort was higher

than the number of actual effort greater than the predicted effort that is SUM (yi < 37]-) >
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SUM (yi > 37]-) where y; is the actual effort and J; is the predicted effort. The Cliff’s delta

effect size of all the models on each dataset is presented in Table 5.2.
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Figure 5.1: Average MAE of models

Table 5.1: Comparison of p-values of the six models

Dataset ATLM ElasticNet BN CART DNN LSTM
Albrecht 0.02 0.0039 0.004 0.0151 0.0045 0.0045
Atkinson 0.0194 0.0033 0.0211 0.0301 0.0629 0.0029

Cosmic 0.0292 0.0405 0.037 0.0483 0.0051 0.0035

Finnish 0.0023 0.0282 0.0047 0.0057 0.0117 0.0074
Kemerer 0.0113 0.0032 0.002 0.0152 0.0016 0.0016
Telecoml 0.0094 0.0034 0.0046 0.0022 0.0481 0.0014
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Table 5.2: Comparison of Cliffs o of the Six Models

Dataset ATLM ElasticNet BN CART DNN LSTM
Albrecht 0.0104 -0.0173 -0.0035 -0.0104 0.0588 0.0588
Atkinson 0.0051 0.0102 0.0102 0.0051 0.0051 -0.0102
Cosmic 0.002 0.002 0.0033 0.0007 0.0256 0.0256
Finnish 0.0017 0.0035 0.0035 0.0008 0.0294 0.0294
Kemerer 0.0102 0.0102 0.0102 0.0102 -0.0204 0.0714
Telecom1 -0.0044 0.0133 0.0222 0.0044 0.0667 0.0667

5.2.1 Analysis of Albrecht Dataset

The DNN model recorded the lowest MAE of 0.387 on the Albrecht dataset. All the
conventional machine learning model performed better than the deep learning models on the
Albrecht dataset except CART model which failed to outperform the LSTM model. The ATLM

is the best performer on the Albrecht data. This is shown in Figure 5.2.
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Figure 5.2: MAE measure of Models on Albrecht Dataset
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5.2.2 Analysis of Atkinson Dataset

Results of the predictive models on the Atkinson dataset showed that the LSTM model
outperformed the other models with an MAE of 0.0297. This is in contrast with the hypothesis
that conventional machine learning performance on small-sized data is better than deep
learning. However, all the conventional machine learning models outperformed the DNN

model. The MAE measure of all the models is shown in the graph in figure 5.3.

0.06
0.05 0.0458 0.0486

0.04 0.0344
» 0.0314 0.0322 0.0297
< 0.03
=

0.02

0.01

0

ATLM  ElasticNet BN CART DNN LSTM

MODEL

Figure 5.3: MAE measure of Models on Atkinson Dataset

5.2.3 Analysis of Cosmic Dataset

The CART model recorded an MAE of 0.3843 to be the best predictive model on the Cosmic
dataset. All the conventional machine learning models outperformed the deep learning models
on the Cosmic dataset. An observation on the error measures on all the selected datasets showed
that the MAE measure on the Cosmic dataset for all models was high compared to the other

datasets. This result is shown in Figure 5.4.
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Figure 5.4: MAE measure of Models on Cosmic Dataset

5.2.4 Analysis of Finnish Dataset

There was a high imbalance in the recorded MAE for the models on the Finnish dataset. The
ElasticNet and CART models recorded relatively high MAE (0.4857 and 0.0929 respectively)
values compared to the ATLM, BN, DNN and LSTM models. This imbalance in the MAE’s
affected the average MAE of the models across all datasets. This is the reason the deep learning
models (DNN and LSTM) were able to outperform the ElasticNet model on the average MAE

in section 5.1. The graph showing the result of models on the Finnish dataset is shown in Figure

5.5.
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Figure 5.5: MAE measure of Models on Finnish Dataset
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5.2.5 Analysis of Kemerer Dataset

The Bayesian Network (BN) recorded the lowest MAE of 0.0536 on the Kemerer dataset. The
DNN model showed accurate predictive performance by producing an MAE of 0.0615 which
lower than that of the ATLM, CART and LSTM models (0.08, 0.1596 and 0.2487 respectively)
as shown in Figure 5.6. The ElasticNet model also achieved accurate prediction performance

with an MAE score of 0.055.
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Figure 5.6: MAE measure of Models on Kemerer Dataset

5.2.6 Analysis of Telecom1 Dataset

Two independent variables (CHANGES, FILES) of the Telecom1 were used in setting up the
prediction model. The baseline ATLM produced an MAE score of 0.0339 on Telecom1 dataset.
The CART and DNN models also showed impressive prediction accuracy with MAE of 0.0538
and 0.0797 respectively as shown in Figure 5.7. The LSTM model performed poorly compared
to the other models with an MAE as 0.1542. The ElasticNet and BN models recorded MAE

score of 0.1091 and 0.1122 respectively.
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Figure 5.7: MAE measure of Models on Telecoml Dataset

5.3 Improving the Performance of Deep Learning Models

The results from the initial experiment underscored the need to improve the performance of the
deep learning models. Early stopping regularisation technique was added to the remodelling of
the deep learning models to improve results. Results after remodelling showed an improvement
in the average performance of the deep learning models. The average measure of the mean
absolute errors (MAE) of the deep neural network reduced from 0.2026 to 0.1604 and that of
LSTM reduced from 0.2146 to 0.1771. Thus, after early stopping, the average MAE measure
of the DNN was better than the other three conventional machine learning models but failed to
outperform the benchmarked ATLM. The average MAE measure of the LSTM model after
early stopping was better than ElasticNet and CART models. However, it failed to outperform

the average MAEs of the BN and ATLM. These results are presented in Figure 5.8.

The goal of applying early stopping is to improve the performance of the deep learning models.
However, after early stopping, the performance of the LSTM model on the Atkinson and
Finnish reduced from 0.0297 to 0.0375 and 0.0017 to 0.0135 respectively. The performance of

the DNN model improved on all the datasets after applying early stopping as expected.
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The statistical and practical significance of the estimation models were assessed with the p-
values and Cliff’s d effect size respectively. The p-values of both the DNN and LSTM models
on each dataset were within the acceptable 0.05 asymptotic significance level. On assessing the
practical significance of the model, Cliff’s 6 effect size of each model on each of the datasets
was negligible as was defined by Kampenes et al. (2007). The p-values and Cliff’s 9 effect size

of each model on the selected datasets are presented in tables 5.3 and 5.4 respectively.
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Figure 5.8: Average MAE of models after early stopping

Table 5.3: Comparison of p-values of the six models after early stopping was applied to the

deep learning models

Dataset ATLM ElasticNet | BN CART DNN LSTM
Albrecht 0.02 0.0039 0.004 0.0151 0.0308 0.0045
Atkinson 0.0194 0.0033 0.0211 0.0301 0.0029 0.0029
Cosmic 0.0292 0.0405 0.037 0.0483 0.0148 0.0389
Finnish 0.0023 0.0282 0.0047 0.0057 0.0082 0.0041
Kemerer 0.0113 0.0032 0.002 0.0152 0.0215 0.0016
Telecoml | 0.0094 0.0034 0.0046 0.0022 0.0014 0.0115
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Table 5.4: Comparison of Cliffs o of the six models after early stopping is applied to the deep

learning models

Dataset ATLM ElasticNet BN CART DNN LSTM
Albrecht 0.0104 -0.0173 -0.0035 -0.0104 0.0588 0.0588
Atkinson 0.0051 0.0102 0.0102 0.0051 0.0051 0.0051
Cosmic 0.002 0.002 0.0033 0.0007 -0.0007 0.0256
Finnish 0.0017 0.0035 0.0035 0.0008 0.0052 0.0035
Kemerer 0.0102 0.0102 0.0102 0.0102 0.0714 0.0714
Telecom1 -0.0044 0.0133 0.0222 0.0044 0.0667 0.0044

5.3.1 Analysis of Albrecht Dataset

The use of early stopping improved the prediction accuracy of the deep learning models on the
Albrecht dataset. The performance of the LSTM model increased from an MAE score of 0.3312
to 0.2895. This made the LSTM the best predictive model on the Albrecht dataset after using
early stopping. The prediction performance of the DNN also improved from an MAE score of
0.387 to 0.344 as shown in Figure 5.9. However, it only outperformed the CART model after

using early stopping.
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Figure 5.9: MAE measure of models on Albrecht dataset after early stopping
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5.3.2 Analysis of Atkinson Dataset

Contrary to expectation, the predictive accuracy of the LSTM model reduced with an MAE
score of 0.0297 to 0.0375 after using early stopping. This resulted in the ATLM, ElasticNet
and BN models producing better prediction accuracy than the LSTM. Nonetheless, that of the
DNN improved slightly with an MAE score of 0.0486 to 0.0447. Thus, the DNN outperformed
the CART but failed to outperform the other models. The graph showing this performance is

shown in Figure 5.10.
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Figure 5.10: MAE measure of models on Atkinson dataset after early stopping

5.3.3 Analysis of Cosmic Dataset

Results on the Cosmic dataset after early stopping showed that the performance of the deep
learning models (DNN and LSTM) improved significantly. The MAE score of the DNN
reduced from 0.6373 to 0.4373 and that of the LSTM reduced from 0.5221 to 0.4074. Thus,
the deep learning models produced better performance than the conventional machine learning
models except for the CART model on the Cosmic dataset. This result is shown in the graph in

Figure 5.11.
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Figure 5.11: MAE measure of models on Cosmic dataset after early stopping

5.3.4 Analysis of Finnish Dataset

The performance of the DNN model improved after early stopping with the MAE score of

0.0014. Consequently, the DNN outperforming all the models. The performance of the LSTM

model reduced after using early stopping with MAE score from 0.0017 to 0.0135. Therefore,

the BN model outperformed the LSTM model after early stopping as shown in Figure 5.12.
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Figure 5.12: MAE measure of models on Finnish dataset after early stopping

5.3.5 Analysis of Kemerer Dataset
A slight improvement was recorded in the performance of the deep learning models after early

stopping. The MAE score of the DNN model improved from 0.0615 to 0.0566 and that of the
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LSTM from 0.2487 to 0.2316. Although the performance of the LSTM model improved, it
failed to outperform any of the models. The DNN model also failed to outperform the

ElasticNet and the BN models. This is shown in Figure 5.13.
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Figure 5.13: MAE measure of models on Kemerer dataset after early stopping

5.3.6 Analysis of Telecom1 Dataset

The prediction accuracy of the DNN model increased after using early stopping. The MAE
score improved from 0.0797 to 0.0782. However, the DNN model did not outperform the
ATLM and CART models. The MAE score of the LSTM model improved from 0.1542 to
0.083. As a result, the prediction accuracy of the LSTM model beat that of the ElasticNet and
BN models but could not beat the prediction accuracy of the ATLM and CART model. This

result is shown in the graph in Figure 5.14.
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Figure 5.14: MAE measure of models on Telecoml1 dataset after early stopping

5.4 Chapter Summary

The chapter presented the results of the experiments. It included an analysis of the average
prediction accuracy of the models on all datasets and analysis of prediction accuracy of the
models on each dataset. There were instances where the results corroborate findings of similar
studies in other domains and instances where it contradicts findings of similar studies in other
domains. The next chapter presents a discussion of the results outlining the implications to

researcher and practitioners.
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CHAPTER SIX

6 DISCUSSION

6.1 Overview
The preceding chapter presented the results of the study. This chapter is a discussion of the
results. The results of the discretization scheme defined for a small-sized dataset in section 3.6

is first discussed. This is followed by a discussion of the results in chapter 5.

6.2 Definition of Small-Sized SEE Dataset

A discretisation scheme for classifying the software effort estimation datasets was defined in
chapter 3 of the study. The discretisation scheme defined a maximum threshold of 43 project
instances for describing a given SEE dataset as small-sized. Thus, a given SEE dataset is small-

sized if the number of project instances in the dataset is less than 44.

Based on the evidence from the central limit theory, a sample size is statistically described as
small-sized when the number of samples in less than 30. To the best of our knowledge, this
definition for a small-sized has not been adopted in software effort estimation studies. Studies
by (Jing et al., 2016; Khatibi Bardsiri et al., 2014; Qi et al., 2017; Song et al., 2019; Song et
al., 2005) described SEE datasets as small-sized. However, the datasets used in these studies
had project instances greater 30. Thus, any assumption that SEE studies adopt this statistical
definition of a small-size is false. Also, the defined threshold of small-size in this study is
higher than the statistical definition of a small-size sample. The difference will allow more SEE
datasets to be classified as small-size. Currently, there are five SEE datasets (Albrecht — 24
instances, Atkinson — 16 instances, Sdr — 12 instances, Kemerer — 15 instances and Telecom1
— 18 instances) in the public domain that has project instances less than 30. The difference in

the definition allowed two datasets (Finnish — 38 instances and Cosmic — 42 instances) to be
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classified as small-sized. This increase presents SEE researchers a range of datasets to use

when considering empirical studies on small-sized datasets.

Notwithstanding the lack of agreement between the definition from this study and the evidence
from the central limit theorem, the definition from the study compares well with the claim by
Wason (2018). Wason (2018) claimed the optimum number of instance for building an accurate
machine learning model should be 10 times the number of features. Thus, given a dataset with
N number of features, then the optimum number of project instances should be 10N. This
implies that any number of instances less than 10N can be described as small-size. All the
datasets classified as small-sized in this study had their number of project instances less than

10x the number of features. This is presented in table 4.1.

6.3 Performance of Models

The results from the comparative study showed that either ATLM, LSTM, CART or BN
produced the best prediction accuracy on at least one dataset. This implies that there was no
single model that produced the best prediction accuracy on all the selected datasets. This, a
confirmation of the no free lunch theorem (Wolpert, 1996) that “there is no one model that
works best for every problem”. Also, the performance of the models across the datasets was
affected by a number of factors. This included the features selected for building the model, the
unit of effort measurement of the dataset (hours/months) and the number of project instances
in the dataset. From this observation, this study suggests using multiple learners when

estimating project effort and selecting the best performing learning for your dataset.

Again, closely examining the results indicated that there were few instances where the deep
learning models outperform some of the conventional machine learning models. That is on the
Atkinson and Finnish datasets where the LSTM and DNN models outperformed the

conventional machine learning models. This contradicts the claim that conventional machine
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learning models have better prediction accuracy than deep learning models on small-sized
datasets. Nonetheless, the average performance showed that conventional machine learning
models performed better than deep learning models on the small-sized datasets. Thus, the
average performances confirm this claim as reported by Feng et al. (2019). Accordingly, this
study suggests that researchers should use multiple datasets when performing a comparative
study of predictive models. This is because there could be discrepancies in the results on models
on a single dataset and not reflect the prediction accuracy of the models. Using multiple datasets
will reduce this error and observed results across the datasets will be a reflection of the

prediction accuracy of the models.

Evidence from this study shows that deep learning approaches can perform relatively better
than conventional machine learning approaches when early stopping regularisation techniques
are used. Nonetheless, the two deep learning approaches used in the study (DNN and LSTM)
both failed to outperform the baseline ATLM. As a result, this study suggests both conventional
machine learning and deep learning methods should be used for effort estimation. Also, Cliff’s
delta effect size of the models was within the negligible threshold (Kampenes et al., 2007). The
small effect size implies that there was not a huge difference in the predicted effort and the
actual effort of the deep learning models. This shows that both conventional machine learning

and deep learning approaches make meaningful predictions when used for effort estimation.

The long-short term memory (LSTM) proved to be a good predictive model for effort
estimation. However, literature using LSTM for effort estimation is mainly in an agile setting
(Choetkiertikul et al., 2019). The results showed that the LSTM can be a good predictive model
for estimating effort in the traditional project setting. Therefore, this study also recommends
using the LSTM for traditional software effort estimation and not on in agile development

setting. Despite the suggestion encouraging the use of deep learning for effort estimation, this
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study cautions that there are complexities associated with the implementation of deep learning

models.

6.4 Impact of Early Stopping

The impact of early stopping on the error measure, statistical and practical significance of the
deep learning models was assessed. The prediction accuracy of the DNN model improved for
all six datasets. However, the p-values of the DNN model on the Albrecht, Cosmic and Kemerer
datasets increased. The effect size of the Albrecht, Atkinson and Telecom1 datasets remained
the same but that of Kemerer increased. For the LSTM model, the MAE of the Atkinson and
Finnish datasets increased showing poor performance whilst the MAE of the Albrecht, Cosmic,
Kemerer and Telecom1 showed improvement in performance. The p-values of the Cosmic and
Telecoml1 data also increased denoting a decline in the p-value. The Cliff’s o effect size
remained the same for Albrecht, Cosmic and Kemerer, improved for the Finnish and Telecom1
datasets but declined for the Atkinson datasets. This is summarised in tables 6.1 and 6.2 where
one (1) depicts an improvement in the measure after early stopping, -1 depicts a reduction in
the measure after early stopping and zero (0) depicts no change in the measure before and after
early stopping. The summary in tables 6.1 and 6.2 showed that the early stopping regularisation
technique had a positive impact on models performance. This study recommends early stopping
to researchers and practitioners working with smaller datasets for effort estimation and using
deep learning methods. There are other techniques like data augmentation and transfer learning
that are used to improve performance when modelling deep learning algorithms with smaller
datasets. These techniques were not investigated in this study; however, researchers and
practitioners can consider them during modelling as they have been proven to be successful

techniques in other fields.
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Table 6.1: Impact of early stopping on the performance of the Deep Neural Network Model

Dataset MAE p-value CIliff's delta
Albrecht 1 -1 0
Atkinson 1 1 0
Cosmic 1 -1 1
Finnish 1 1 1
Kemerer 1 -1 -1
Telecoml 1 1 0

1 denotes an improvement in measure after early stopping
0 denotes no change in the measure after early stopping
-1 denotes a reduction in the measure after early stopping

Table 6.2: Impact of early stopping on the performance of the Long-Short Term Memory

Model
Dataset MAE p-value Cliff's delta
Albrecht 1 0 0
Atkinson -1 0 -1
Cosmic 1 -1 0
Finnish -1 1 1
Kemerer 1 0 0
Telecom1 1 -1 1

6.5 Computational Complexity
One remarkable observation during the model training was the time taken to complete all
epochs. This study did not focus on assessing the computational cost associated with running

the deep learning models and the conventional machine learning models. Notwithstanding, the
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observations on the running time of all models during the study is in line with the claim by Fu
& Menzies, (2017) that running deep learning models is computationally expensive. Analysing
the difference in the error rates recorded, this study is in agreement with Fu & Menzies, (2017)
that it is not worth sacrificing the computational resource for a small change in the accuracy.
This claim has also been made by Jain & Kaushal (2018). However, this study makes
exceptions to safety-critical systems since a small change in the accuracy can have high

practical importance (Kampenes et al., 2007).

6.6 Chapter Summary

In this chapter, the results of the study were discussed. The defined threshold of 43 project
instances for describing a given software effort estimation dataset as small-sized was first
discussed. The subsequent sections in this chapter discussed the findings of the comparative

study and the impact of early stopping on the models.
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CHAPTER SEVEN

7 CONCLUSION

7.1 Summary of the Study

Accurately estimating the effort for a project remains a challenge and has attracted research
interest over the past decades (Idri et al., 2016; Sharma & Singh, 2018; Wen et al., 2012). Over
the years, researchers and practitioners have adopted expert judgement, parametric models and
machine learning techniques to estimate the effort of projects (Huang et al., 2015). The machine
learning approach to effort estimation has been reported to achieve high accuracies than the
non-machine learning approaches. However, building accurate machine learning models rely
on large historical project data. (Bardsiri et al., 2014; Bielak, 2000). The size of Software Effort
Estimation (SEE) datasets have been described as small (Jing et al., 2016; Khatibi Bardsiri et
al., 2014; Qi et al., 2017; Song et al., 2019; Song et al., 2005). Nonetheless, to the best of our
knowledge, the criteria for describing these datasets as small-sized has not been defined in

previous SEE studies.

The study defined a discretization scheme to set thresholds for describing the size of a given
SEE dataset as small, medium or large. The definition of the thresholds was based on Eubank’s
optimal spacing theory (Eubank, 1981) which uses the density quantile function to generate an
optimal asymptotic spacing between the classes. Six datasets, namely Albrecht, Atkinson,
Kemerer, Cosmic, Finnish and Telecom1 were classified as small-sized and were considered

for the empirical analysis. The six were used for the empirical study.

The empirical study investigated the prospects of deep learning in SEE by comparing the
performance of selected conventional machine learning techniques and selected deep learning

models to the baseline ATLM on small-sized datasets. The leave-one-out cross-validation
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(LOOCYV) was applied in this study for the training and validation needs of the selected models.

The performance of the models was evaluated using the mean absolute error (MAE).

The initial results showed two conventional machine learning models (BN, CART) with the
baseline ATLM outperforming the deep learning models. After applying the early stopping
regularization to the deep learning models, the deep learning models showed improved
performance and outperformed the conventional machine learning models. Despite the
improved performance of the deep learning models, it failed to outperform the baseline ATLM.
The results of the study were validated using Yuen’s t-test and Cliff’s delta effect size.

Statistical inference was made at the 5% asymptotic level.

The evidence from this study suggests that deep learning approaches can be used for effort
estimation in addition to the conventional machine learning approaches. However, using deep
learning methods comes with an additional computational cost. Also, adopting early stopping
regularisation in designing deep learning models improved its prediction accuracy. The study
recommends the use of different models for different effort datasets. The results showed that
no single model has the best prediction accuracy on all the datasets thus informing this

recommendation.

7.2 Limitations of the Study

In this dissertation, a systematic literature review was conducted to identify plausible datasets
to build the discretization scheme. The results of the review may have been affected by the
incompleteness of the search strategy. Studies were selected from three electronic databases:
ACM digital library, ScienceDirect and IEEE Explore which are popular databases in the field
of computer science. These three databases are not an exhaustive representation of databases
containing articles on empirical software effort estimation. Again, the search and selection

criteria used for selecting the primary studies was made clear to ensure that the results of the
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review were reproducible. However, different researchers may have varying understanding of

selection criteria. The difference in understanding can produce variations in the results.

The datasets used in this study have all been used in previous SEE studies. These datasets are
made available in its raw format, thus there is a risk that the pre-processing techniques used
could affect final model construction. Nonetheless, these data pre-processing techniques have

been recommended in previous empirical software engineering studies.

Using a biased validation method to assess the performance of estimation models in any
empirical study can be a threat to the validity of the study. Many studies divide datasets into
training and validation sets, this means the models are always validated on the same set in each
training round. This can result in a biased performance of the model. To avoid this limitation,
each dataset was divided into training and testing/validation sets. LOOCV was used on the
training set, thus the validation set for each training round changes. The final output estimation

model was evaluated on the unseen testing set for the performance of the estimation model.

7.3 Future work

In a future study, further empirical study will be conducted on the large datasets. The study
will test the hypothesis that deep learning approaches perform better than conventional
machine learning approaches on medium to large-sized datasets. The goal is to measure the

significant effect of deep learning on relatively medium to large-sized datasets.

Future studies will also include sampling small-sized data from the large-sized datasets using
the Bellwether sampling techniques recommended by Mensah et al. (2018). Deep learning
models will then be set up using the sampled small-sized and large-sized data sets and

evaluating the prediction performance in each case.
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