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ARTICLE INFO ABSTRACT

Context: Software effort estimation (SEE) plays a key role in predicting the effort needed to complete software
development task. However, the conclusion instability across learners has affected the implementation of SEE
models. This instability can be attributed to the lack of an effort classification benchmark that software re-
searchers and practitioners can use to facilitate and interpret prediction results.

Objective: To ameliorate the conclusion instability challenge by introducing a classification and self-guided in-
terpretation scheme for SEE.

Method: We first used the density quantile function to discretise the effort recorded in 14 datasets into three
classes (high, low and moderate) and built regression models for these datasets. The results of the regression
models were an effort estimate, termed output 1, which was then classified into an effort class, termed output 2.
We refer to the models generated in this study as duplex output models as they return two outputs. The introduced
duplex output models trained with the leave-one-out cross validation and evaluated with MAE, BMMRE and
adjusted R?, can be used to predict both the software effort and the class of software effort estimate. Robust
statistical tests (Welch's t-test and Kruskal-Wallis H-test) were used to examine the statistical significant dif-
ferences in the models’ prediction performances.

Results: We observed the following: (1) the duplex output models not only predicted the effort estimates, they also
offered a guide to interpreting the effort expended; (2) incorporating the genetic search algorithm into the duplex
output model allowed the sampling of relevant features for improved prediction accuracy; and (3) ElasticNet, a
hybrid regression, provided superior prediction accuracy over the ATLM, the state-of-the-art baseline regression.
Conclusion: The results show that the duplex output model provides a self-guided benchmark for interpreting
estimated software effort. ElasticNet can also serve as a baseline model for SEE.
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1. Introduction

Software effort estimation (SEE) is the process of predicting the
effort needed for scheduling, costing and allocating resources to meet
project delivery deadlines [1]. According to Menzies et al. [2], accu-
rately predicting the software effort of a new project plays a significant
role in software engineering, as it minimises overestimation and un-
derestimation [3,4]. Both overestimating and underestimating software
effort can result in project cancellation due to budget overruns [2] and
can delay funding of project development [5]. In contrast, successful
and accurate SEE leads to effective scheduling, monitoring and man-
agement of projects [6,7].

Although many prediction models have been developed
[5,6,8,9-16,1] to aid in estimating software effort, challenges still exist
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in relation to the interpretation of the level of effort expended during
development [17,7,18]. To the best of our knowledge, there is no
benchmark to interpret and validate levels of estimated effort expended
in SEE [17,19]. Irrespective of the complexity or simplicity of existing
SEE models, the effort estimates mostly contradict the true or actual
software effort shown in the validation sets [20]. This phenomenon is
the result of the variations within SEE data, the selection criteria for
data collection and the training and testing criteria used to set up the
SEE models. Currently, there is no optimal SEE model due in part to
data uncertainty and to variations within the training and validation
sets [9]. The variation in estimation results from different SEE models
leads to conclusion instability [7,18,21,19]. Thus, a SEE model without a
corresponding interpretation guide might not be useful to software
engineers. Therefore, there is a need for a more efficient and reliable
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prediction model that not only estimates the software effort, but also
offers a means through which the effort estimates can be effectively
applied to specific contexts.

According to Keung et al. [7], the elusiveness of accurate prediction
models for software effort has been a challenge for researchers, soft-
ware engineers, practitioners, project managers and developers, who
need an appropriate model and reliable training and validation sets to
make relatively effective predictions of SEE [18]. Despite the numerous
prediction models [9,6,22], the SEE research community still faces
difficulties in making reliable and accurate predictions due to the fol-
lowing factors: (1) variations within SEE datasets, (2) the methodolo-
gical procedures used for generating the training and validation sets,
(3) the type of SEE models used and (4) the performance evaluation
measures used.

Previous studies [2,6,7,18,23,12,10] have shown that these factors
affect the prediction accuracy of SEE models. As poor SEE negatively
affects the prediction accuracy and interpretation of results [24,7],
there is a need to improve the conclusion instability of the prediction
estimates. Previous studies [7,18,9,23,12,24,25] have shown that the
conclusion instability of prediction estimates is significantly affected by
the heterogeneous nature of the data, variations within SEE datasets
and the methodological approach used to sample training sets. Con-
clusion instability refers to the variations in estimated results for a given
dataset from different prediction models [7,18]. In this study, we focus
on improving the conclusion instability of prediction estimates by in-
troducing a software effort classification scheme to aid in the inter-
pretation of estimation results in the context of the particular dataset
and modelling approach used.

This study is motivated by the conclusion instability issue raised by
Keung et al. [7], whereby inconsistent estimation results can be en-
hanced based on the selection of relevant training and validation sets,
data preprocessing, the use of multiple prediction models and multiple
evaluation measures. The conclusion instability of estimated results is
an urgent problem in SEE, as there is no accepted prediction model to
provide a precise and accurate prediction irrespective of the training
and validation sets considered. We argue that classifying the continuous
dependent variable (i.e. software effort) into discretised classes mini-
mises the conclusion instability. Our classification of software effort can
provide a benchmark to help identify the level of effort (high, low and
moderate) expended during a software project development. We define
software effort classification as the process of discretising the software
effort of the training set into classes that will allow self-guided inter-
pretation of the estimated results. Thus, for all training sets, we first
discretise the continuous dependent variable (software effort) into three
classes based on the density quantile function [26]. The classification of
software effort is an auxiliary discretised dependent variable (software
effort class) in addition to the main continuous dependent variable
(software effort). These two dependent variables, referred to as the du-
plex variables, are used in addition to the independent variables in each
dataset to set up the estimation models. We describe the estimation of
the duplex output variables as duplex output software effort estimation.

Thus, in this study, we do not only estimate the continuous software
effort as done in all existing SEE studies, but go a step further to classify
the estimated effort according to the level of effort expended during
software development. We hypothesise that these classification levels —
high, moderate and low — can address the conclusion instability issue in-
herent in prediction modelling using SEE models. As different predic-
tion models give different estimates, it is important for software en-
gineers to consider the classification of software effort as an auxiliary
prediction variable that can help them to select the best prediction
model. According to Menzies et al. [2], some prediction models are
most suitable for particular datasets. We argue that the classification
scheme for software effort introduced in this study can address this issue.
This is done by applying six duplex output SEE models to 14 SEE datasets
and evaluating their prediction performances based on the estimated
effort classifications.
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It is problematic to use only prediction accuracy to determine the
best and most stable SEE model, because the accuracy value is a single
number and thresholds for better performance vary with the type of
models, the datasets and the experimental settings. Classification
schemes have already been used in the prediction of frauds and defects.
We believe that the use of a classification scheme with prediction ac-
curacy will aid in establishing a robust method for addressing the
conclusion instability problem of SEE models. The classification scheme
makes it easier to interpret the prediction accuracy and provides scope
for the use of the software effort estimates.

Software engineers are interested in the accuracy of estimation re-
sults from prediction models. We therefore argue that to obtain a more
accurate and trustworthy estimate, it is necessary to predict the effort
classes. When software effort is classified, we can easily compare and
contrast the prediction accuracy of multiple SEE models, irrespective of
the evaluation measure used for a given dataset.

According to Mair et al. [27], there exists difficulty in obtaining
relevant datasets for studying effort estimation, as the appropriate ones
might be proprietary. Biasness in the project dataset selection and
model training criteria significantly contributes to unreliable prediction
results [17]. The sampling procedure used [19] and the initial data
preprocessing methods that lead to removal of outliers affect the pre-
diction results [25]. Inappropriate tuning of model parameters [28] and
the lack of robust benchmark models [9] also affect the reliability of
SEE. Previous studies have proposed a simple baseline estimation model
(automatically transformed linear model (ATLM)) based on a regression
approach [9] and a complex estimation model (confidence guided effort
estimator (CoGEE)) based on a bi-objective optimisation approach [6].
However, there are still discrepancies between these models, and it is
difficult for software engineers to adapt them, due to the lack of gui-
dance on the interpretation of the estimated results [19]. The state-of-
the-art baseline model (ATLM) by Whigham et al. [9] only considers the
estimation of effort and does not offer a corresponding interpretation
guide for the estimated results. Irrespective of the SEE model, software
researchers normally fail to consider the difficulties faced by software
practitioners in comparing the results from different estimation models.
This limits the practical usefulness of such estimation models [19,17].
Thus, current estimation models are trained from SEE datasets that
contain independent variables (such as size, development duration,
etc.) and a dependent variable (software effort), but do not consider the
effort classes (see Fig. 1). Our contribution is a classification scheme
that provides a self-guided interpretation of estimated effort (Fig. 2).
The classification scheme is discussed in detail in Section 3.5.

To address the aforementioned issues faced by software engineers
engaged in SEE, we consider the baseline model (ATLM) by Whigham
et al. [9] and five other regression models for the empirical analysis. It
should be noted that ATLM is a form of multiple regression model. The
five regression models are ElasticNet, LASSO, Stepwise, Robust and
Ridge regression, which are benchmarked against the baseline model
(ATLM). It is worth noting that one of these regression models —

Proj_ID KLOC Duration Effort Class

1 449.9 13 ... 3363 ?

2 289 14 ... 116 ?

3 254.2 13 ... 258.7 ?

4 214.4 18 e 86.9 ?

5 40.5 7 .ee 82.5 ?

n 200 11 130.3 ?
Proj_ID KLOC @ Duration Effort Class
NewProj 60.2 14 277 777

Fig. 1. Effort estimation of projects without a classification scheme.
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Proj_ID KLOC Duration Effort = Class

1 449.9 13 ... 3363 H

2 289 14 116 M

3 2542 13 ... 2587 H

4 214.4 18 ... 869 M

5 40.5 7 .. 825 L

n 200 11 130.3 M
Proj_ID @ KLOC @ Duration Effort Class
NewProj 60.2 14 27? 27?

Fig. 2. Effort estimation of projects with a classification scheme. H — high effort, M —
moderate effort, L — low effort.

ElasticNet — to the best of our knowledge, this is the first study to use it
for SEE modelling. Current SEE studies [23,12,29] have considered
regression models for predictive analysis. A previous study by Dejaeger
et al. [14] confirmed that ordinary least squares regression (extended to
build the ATLM) is the best prediction model out of a variety of SEE
models.

This study makes three contributions.

1. The estimation of software effort in two dimensional outputs,
namely the software development effort (output 1) and the software
effort classification (output 2).

2. We introduce a scheme for classifying software effort to aid in the
self-guided interpretation of software effort estimates for existing
project data.

3. A comparative study of six different regression-based techniques,
including the state-of-the-art baseline model (ATLM) and ElasticNet
regression, with the objective of addressing the conclusion in-
stability problem.

We find that ElasticNet regression, which is a hybrid model, can also
form a baseline SEE model similar to ATLM. This implies that software
engineers can use the ElasticNet regression to compare different pre-
diction results from multiple SEE models. It should be noted that the
regression models developed in this study have been subjected to rig-
orous statistical tests to confirm their efficacy in improving prediction
accuracy.

The remaining sections of this paper are organised as follows.
Section 2 reviews related work in SEE. Section 3 presents the research
methodology and discusses the SEE datasets, preprocessing techniques,
regression-based models, software effort classification scheme, pro-
posed approach and evaluation measures. Section 4 presents the ex-
perimental results and discussion. Finally, Section 5 concludes the
paper by highlighting the practical implications of the study's findings,
threats to validity and future research directions.

2. Related work

Different techniques especially in the fields of machine learning,
data mining and currently deep learning have been explored to aid in
the construction of SEE models. Till date, none of these techniques can
be referred to as the standard for SEE. To the best of our knowledge,
this is the first study to consider the duplex output SEE model for the
prediction of software effort as well as its respective classification for
easy interpretation. As a result, our review section considers a number
of recent studies that have considered SEE models to improve predic-
tion accuracy.

A study by Menzies et al. [2] investigated if modern SEE models
resulted in better prediction accuracy as compared to the traditional
SEE models. Here, they compared the classical COCOMO SEE approach
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[30] to modern approaches such as the analogy based estimation [31]
and the SEE baseline model (ATLM) by Whigham et al. [9]. The tra-
ditional Boehm's COCOMO model [30] was found to be more accurate
for the COCOMO dataset as compared to the new modelling techniques.

Another study by Lokan and Mendes [23] investigated the concept
of moving windows (use of recently completed projects as training set)
based on linear regression model to improve the prediction accuracy in
SEE. They found that the moving window modelling approach does not
yield relative improved prediction accuracy as compared to the growing
portfolio (use of all historical projects as training set). Thus, they re-
ported that companies should not discard older projects but rather
continue to use them for the training needs of a prediction model in-
stead of using the moving windows. The Finnish dataset was used in the
study. Evaluation of the prediction results from the regression model-
ling approach was done using the mean absolute error (MAE) and ad-
justed R?. Similarly, linear regression was considered in previous SEE
studies [11,29,32-35] exploring the moving window concept for im-
proving prediction accuracy. These studies found that the moving
window modelling improve prediction accuracy when different chron-
ological datasets (e.g. ISBSG and Kitchenham) were used.

In our recent study [36], we considered a Deep learning approach
(specifically Deep Neural Networks) for investigating the use of prior
and posterior features for software testing effort estimation. Prior features
refer to the available features before project completion whilst posterior
features refer to features available after project completion. Here, a
mixed integer linear programming (MILP) optimization was setup to
select relevant projects with their respective features from within-
company and cross-company projects. We found that the MILP opti-
mization selected prior features which yielded similar prediction accu-
racy as compared to posterior features provided the data was normalised.
This result was confirmed by the Friedman's test with p-values less than
0.05 asymptotic significance level. We found that when the training and
validation sets were normalised, selection of relevant cross projects
improved the prediction accuracy in modelling. Data normalisation
resulted in an improved prediction accuracy in a previous study by
Kocaguneli et al. [10] when finding essential features and project in-
stances in SEE.

Keung et al. [7] investigated the conclusion instability issue with
regards to inconsistent estimated results from different SEE datasets and
multiple prediction models. In their study, 20 different SEE datasets, 10
data preprocessors and 9 prediction models (learners) evaluated on 7
performance measures were used. They realised that, aggregate analysis
from multiple learners across multiple datasets assists in drawing stable
conclusions in SEE. By empirical analysis and observation, Keung et al.
[7] recommended that it is important for software engineers not to fit a
single learner for a dataset in SEE.

Whigham et al. [9] researched into resolving the problem of as-
sisting software engineers with a more accurate and robust SEE model.
They proposed a baseline SEE model namely automatically transformed
linear model (ATLM). This baseline model (ATLM) is simple and can be
benchmarked with newly developed SEE models for easy adoption after
it proved superior to a complex ensemble method and a hybrid ap-
proach incorporating particle swarm optimization, analogy-based esti-
mation (ABE) and clustering technique. Even though multiple linear
regression (MLR) model has not been considered as the best estimation
model in other studies [37,38], Whigham et al. [9] contend that it can
form a baseline model provided relevant data-driven transformations
are applied. Their argument of using MLR as a proxy for the formulation
of SEE baseline model was based on previous studies [14,39] and the
following seven characteristics:

(1) Simple, easily implementable and easy to interpret output;
(2) Outcomes should be deterministic;

(3) No fine tuning of parameters during model construction;

(4) Relevant to a hybrid of quantitative and qualitative datasets;
(5) Output should be accurate than random guess;
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(6) Provide relevant estimation information based on generalized da-
taset properties and
(7) Be made publicly available for easy implementation and execution.

Whigham et al. [9] argued that since there is no accepted standard
for setting up a prediction model in SEE domain, their proposed ATLM
can be used as a baseline model. ATLM supports the n-fold cross vali-
dation, the leave-one-out validation [18] and a suitable sample size
with repeated training and validation sets. ATLM was benchmarked
with the best ensemble method for effort estimation namely Artificial
Neural Networks [3] and empirical analysis based on the 30-fold cross
validation using three SEE datasets. Error evaluation measures namely
MMRE, LSD, PRED(25) and Relative Error (RE*) were used to evaluate
the prediction accuracy of the models. Even though no statistical test
was considered in their study [9], results indicated that ATLM per-
formed accurately better in estimating the software effort as compared
to the complex ensemble method (ANN). Again, they compared ATLM
to a hybrid approach incorporating particle swarm optimization, ABE
and clustering as proposed by Bardsiri et al. [40]. They used two
benchmark datasets — Cocomo81 and Maxwell, and concluded that
ATLM performed accurately better over the hybrid approach [40].
Here, evaluation was done with the MMRE based on a 10-fold cross-
validation approach.

A study by Dejaeger et al. [14] found that the ordinary least squares
(OLS) regression model was the effective learner among a number of
SEE learners used in estimating software effort. They used nine different
datasets in their empirical analyses, namely coc81, cocnasa, desharnais,
UPS05, Maxwell, ISBSG, ESA, experience and euroclear. Dejaeger et al.
concluded that for a more accurate effort estimation model, there is the
need for incorporating data transformation techniques, feature selec-
tion techniques, performance evaluation measures and statistical tests
on a large training dataset. We have incorporated the recommendation
of Dejaeger et al. [14] in the models developed in our study.

Turhan and Mendes [41] found that stepwise regression (SWR)
performed better in the field of SEE specifically cross-company mod-
elling. They applied the SWR model on 125 web projects from 8 com-
panies with or without filtering technique. SWR is one of the modelling
techniques being employed in this study since some of the data used are
cross-company datasets.

Even though the aforementioned studies have contributed a lot in
the domain of SEE, we argue that there is the need for classification of
software effort to reduce the conclusion instability challenge [7,18]. The
software classification methodology introduced in this study can esti-
mate the level of effort expended irrespective of the numerous predic-
tion models, evaluation measures, cross or within company projects and
preprocessing techniques considered. Due to the fact that several SEE
models have been proposed with no clear dominating technique, we
build variations of regression models incorporating different pre-
processing and feature subset selection techniques in assessing the
performance on a number of different datasets. This study is based on
the assessment made by Whigham et al. [9] and Dejaeger et al. [14]
that a regression based model can form a simple and reliable prediction
model for SEE. As a result of that, we incorporate six regression models
to build duplex output SEE models for each of the 14 datasets in-
vestigated. Due to outliers, influential and missing data points in SEE
datasets, we applied data transformation techniques as done in previous
studies [10,29,14,23]. The uniqueness of this study is the classification
of software effort in the studied datasets prior to modelling. This is to
allow for self-guided interpretation of effort as well as enable com-
parison of the characteristics of the new project with past or completed
projects. The extent of similarity between the new project and com-
pleted projects will hopefully increase the confidence in the effort es-
timation.
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Table 1
Number of features and records in the datasets.

Dataset Features Size Unit Source
Albrecht 8 24 months GitHub
China 17 499 hours PROMISE
Cocomo81 17 63 months PROMISE
Cocomonasal 17 60 months PROMISE
Cocomonasa2 24 93 months PROMISE
Cosmic 11 42 months PROMISE
Desharnais 11 81 hours PROMISE
Kemerer 7 15 months PROMISE
Kitchenham 7 145 months PROMISE
Maxwell 26 62 hours PROMISE
Miyazaki 8 48 months PROMISE
php_projects 12 45 months Industry
Telecom 3 18 months GitHub
USPO5 8 203 months GitHub

3. Methodology
3.1. Datasets

We extracted 13 SEE datasets from GitHub (github.com) and the
PROMISE repository [42] and another dataset from an industry partner
(Table 1). The latter dataset contained 45 PHP projects from an industry
partner whose identity cannot be disclosed due to confidentiality rea-
sons. The details of all 14 datasets including the number of features,
total number of instances (size) and software effort measurement units
are presented in Table 1.

3.2. Data preprocessing techniques

To ameliorate data quality problems such as missing data, outliers
and influential data points, the datasets were preprocessed in the fol-
lowing ways to ensure effective and efficient model construction.

Following Minku and Yao [3], we analysed all of the instances in
each dataset to eliminate missing values. After a systematic analysis of
the datasets, only a handful of missing entries (four instances) were
observed in the Desharnais dataset, and no missing entries were found
in the other datasets. To investigate the effect of outliers, we used the
kernel density plots as recommended by Kitchenham et al. [43], re-
sidual plot analysis as recommended by Mendes and Kitchenham [44]
and Cook's distance [45]. Following Mendes and Kitchenham's [44]
approach to stability analysis, we investigated the effect of outliers in
the studied datasets, as they can affect the regression analysis of the
prediction performance. We first fit the regression models without
considering data transformation techniques and investigated the effect
of outliers. Secondly, we transformed the datasets, as done in previous
studies, and investigated the effect of outliers in the transformed da-
tasets. In each case, we evaluated the prediction performances of the
regression models. The outliers were identified and removed if they
added no significant effects to the construction of the prediction models
[46,43,44,3]. We found that transforming the datasets prior to model-
ling, with or without outliers, resulted in better prediction accuracy
than not transforming the data prior to modelling. We found that the
outliers within the selected datasets did not significantly affect the
models’ prediction performances when the data were transformed.
Following a similar approach by Seo and Bae [46], Cook's distance [45]
was used in the identification and treatment of influential data points
during the model construction. In this study, we found that the influ-
ential data points identified using Cook's distance [45] yielded no sig-
nificant effects on the SEE modelling when the data transformation
techniques were applied.

According to Lokan and Mendes [23], the error terms can be as-
sumed to follow a normal distribution when setting up a regression-
based model. We tested this normality assumption using the Shapiro-
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Wilk test and Kolmogorov-Smirnov test [47].

We found that at a 5% asymptotic significance level, the sampled
datasets without preprocessing were not normally distributed, due to
data instability, data diversity, heterogeneity, variations and noise
within the datasets [21,48,9,10]. According to Turhan [21], there is a
need to address data instability within SEE datasets, as it affects the
prediction accuracy of models. Therefore, we applied three data
transformation techniques: box-cox [14], z-score normalisation [36,10]
and log-transformation [23]. We checked for the normality assumption
[23] in each transformed dataset and found that the residuals from both
the z-score and log-transform followed the normal distribution. The
normality was tested using both the Shapiro-Wilk and Kolmogorov-
Smirnov tests [47]. The data transformation technique stabilised the
variations and reduced the error terms in the highly skewed and heavy-
tailed attributes, specifically the Effort (response) variable. We used a
quantile-quantile (QQ) plot, a histogram and kernel density plots, as
recommended by Kitchenham et al. [43], to observe the distribution of
highly skewed attributes before and after the application of the trans-
formation techniques. Upon assessment with the mean absolute error
(MAE) evaluation measure [49], we found that the z-score normal-
isation yielded the best prediction accuracy for all of the datasets used
in this study. We observed that the application of the z-score metric
transformed the attributes within the datasets with a mean of 0 and
variance of 1. As the z-score normalisation resulted in greater im-
provements in prediction accuracy than the log-transform and the box-
cox transform, it was used to transform the data prior to building the
duplex output SEE model.

Feature/attribute subset selection is a data reduction process that
automatically searches for and selects the best subset of features (X;) in
a given dataset. It reduces overfitting, training time and improves the
prediction accuracy of the estimation model [10,50]. In this study, we
adopted the wrapper approach, which evaluates attribute subsets based
on a number of selected learning algorithms. The following five feature
selection algorithms were applied to the training set: Best First (BF),
Subset Size Forward Selection (SSFS), Genetic Search Algorithm (GSA),
Linear Forward Selection (LFS) and Random Search (RS). The most sui-
table algorithm was selected based on the minimum MAE, minimum
BMMRE and maximum adjusted R% These feature subset selection al-
gorithms are discussed in Section 3.3.

In this study, we used the leave-one-out (LOO) validation approach
to meet the training and validation needs of model construction. The
LOO approach was used because it ‘removes the cause of conclusion
instability’ in assessing SEE models, as noted by Kocaguneli and Menzies
[18]. Specifically, LOO helps to overcome the problem of the random
selection of training and validation sets in the setup of the effort esti-
mation model. Thus, for each dataset of size N, we iteratively used N-1
instances for training and the remaining project for validation. Each
model's performance was assessed using the three evaluation measures
at each iteration phase to obtain the best training and validation sets.

3.3. Feature selection techniques

3.3.1. Genetic search algorithm (GSA)

The genetic search algorithm (GSA) is an optimization method
which mimics a biological evolution principle of solving a constrained
or unconstrained search space problem [51]. GSA initially generates a
random population set. It is an iterative procedure consisting of the
following processes: 1) objective function evaluation, 2) reproduction
of population set in order to obtain feasible solution, 3) crossover
whereby existing (parent) populations are mated in order to produce
new (offspring) population and 4) mutation whereby random changes
are made on a subset of the population. This approach has been con-
sidered for feature subset selection problems by Andrews and Menzies
[52].

Information and Software Technology 94 (2018) 1-13

3.3.2. Best-first (BF)

The best-first (BF) algorithm finds the optimal feature subset
without necessarily evaluating every node according to a specified rule
[53]. The algorithm makes use of a lower-bound function to determine
which nodes to prune off in the feature search space. BF can start at any
point in the search space based on the backward and/or forward search
process with the aim of pruning off irrelevant nodes (or features) and
maintaining the best nodes. BF algorithm has been used by Morrison
et al. [54] for the search space selection problem.

3.3.3. Subset size forward selection (SSFS)

The subset size forward selection (SSFS) algorithm performs search
process based on an interior k-fold cross validation to find the optimal
subset-size of features for modelling [55]. A subset size evaluator [55]
is performed on the whole dataset to obtain the optimal feature subset.
This approach is incorporated in the selection of the best feature subset
based on a reduction of the number of wrapper evaluations [56].

3.3.4. Linear forward selection (LFS)

The linear forward selection (LFS) algorithm is performed by taking
a restricted initial number of features. In each iteration of the selection
process, the number of features increases [55]. LFS algorithm uses an
ordering or ranking measure to obtain the best features for the mod-
elling process. This approach for feature subset selection problem has
been considered by Bermejo et al. [56].

3.3.5. Random search (RS)

The random search (RS) algorithm performs a random search
starting from a random or specified point in the feature space and re-
cords the best feature subset obtained [57]. This search process is en-
hanced with the Las Vegas filter algorithm [57] which improves the
efficiency of the selection of the best subset from the feature space. This
approach has been used for feature subset selection problems by Ber-
tolazzi et al. [58].

3.4. Regression based effort estimation techniques

The following six regression based techniques were setup for the
purpose of this study and evaluated based on three performance eva-
luation measures as discussed in Section 3.7.

3.4.1. Ordinary least squares regression (OLS)

OLS also referred to as linear regression is one of the most popular
and widely used SEE models [14,29,12,23]. OLS was considered op-
timal in an effort estimation study by Dejaeger et al. [14]. Whigham
et al. [9] built on OLS to propose the ATLM, state-of-the-art baseline
SEE model. With regards to ATLM [9] and the OLS by Dejaeger et al.
[14], the dependent variable is continuous whilst the independent
variable(s) can be continuous or discrete. In this study, we use a con-
tinuous dependent variable (effort) in addition to multiple independent
variables for the regression analysis. Hence, the multiple OLS used in
this study is defined in (1) as follows:

p
Eﬁ’orti = ﬁO + z 5ix,-i + &
P @

where 3y and f3; are the regression coefficients, x; is the j™ independent
(predictor) variable of the i* project out of a total p independent
variables. Effort; is the dependent (response) variable of the i project.

3.4.2. Stepwise regression (SWR)

This type of regression is used when there are multiple independent
(predictor) variables. Here, the selection of predictor variables for the
model was done based on an automatic addition and deletion process.
We used both the forward and backward variable selection techniques
based on the order of importance of the variables [59]. The aim is to use



S. Mensah et al.

minimum predictors to maximize the prediction power. The stepwise
regression (SWR) model is different from OLS based on the forward and
backward variable selection techniques.

3.4.3. Ridge regression (RR)

Unlike SWR which restricts the number of predictor variables in the
model, ridge regression (RR) shrinks the regression coefficients of
highly correlated predictors close to zero. This is done by introducing
the ridge parameter, a [60] resulting in the regression coefficients, f3 as
defined in (2).

B = (X'X + al,){(X'e) )
where X'X is the singular matrix of predictors, I, is the identity matrix of
rank n and ¢ are the error terms.

3.4.4. LASSO regression (LASSOR)

Similar to RR, least absolute shrinkage and selection operator
(LASSO) also penalizes the number of predictor variables entering the
model using the L; regularisation method. Here, if group of predictors
are highly correlated, the technique picks only one group and shrinks
the others to zero. LASSOR estimates the regression coefficients, f3 as
defined by Tibshirani [61] in (3).

B = arggegomin [ly - XBI} + 237, 18]
= arggepe ly — XBIE + 2 118l 3)

LASSOR is different from RR since it uses L; penalty |||, and RR
uses L, penaltyll,@l\g yielding different estimates [61].

3.4.5. ElasticNet regression (ENR)

This technique proposed by Zou and Hastie [62] is a regularisation
and feature selection technique which helps in eliminating highly cor-
related predictor variables from the model. It is a hybrid of RR and
LASSOR. This is useful when there are multiple predictors which are
highly correlated. ENR finds the optimal 8 by solving the following
problem as defined by Friedman et al. [63].

B

n
. 1
argbe[Rpﬂmln[z Z Oy — xIb)* + AB,(by,-+-,b,) | where B,
n iz

SIE
i=1

i

4

P, is the elastic-net penalty [62] which is useful in solving the highly
correlated predictor variables and also works best when the number of
observations (n) is less than the number of predictors (p) for a € (0,1)
[63]. RR and LASSOR are obtained from ENR model in Eq. (4) fora = 0
and a = 1 respectively [63].

To the best of our knowledge this is the first study in software effort
estimation to employ the ElasticNet regression which has been suc-
cessfully used in other domains such as the biomedical field [64] and
image processing [65].

3.4.6. Robust regression (RoR)

Robust regression (RoR) is an alternative to OLS regression and
more efficient when datasets are contaminated with outliers or influ-
ential observations [66,67]. RoR minimizes the objective function in (5)
whereby the weights, w; are iteratively adjusted by taking the error
terms, ¢;_; of the previous iteration into consideration.

n
min z wie?
i=1

(5)

3.5. Software effort classification scheme

To provide self-guidance in the interpretation of the level of effort
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expended, we introduced a classification scheme for SEE. Software ef-
fort classification is the process of categorising the estimated software
effort into classes. The classification system was based on historical
project datasets (historical data being the same as a training set in this
study). A goal of the software effort classification scheme was to fa-
cilitate the interpretation of the estimated software effort (Yz) in the
context of existing organisation (training) data. The classification
scheme had three classes — low, moderate and high. To define these levels
of classification, we first discretised the actual effort levels recorded in
the historical SEE datasets into three classes based on the density
quantile theory introduced by Eubank [26]. The density quantile theory
was used because it produces optimal spacing selection threshold values
for categorising effort into classes. The density quantile function, Q(w
is defined in (6).

Q) =F'w), 0<ux<l, (6)

where F is the continuous distribution function of a random sample, X;,
..., Xn and u is the location parameter for the optimal spacing selection
threshold [26]. As a result of the data normalisation technique applied
to the SEE datasets, the actual and continuous effort values were scaled
to fall within a specific normalisation range with a mean of 0 and a
standard deviation of 1. The thresholds for the effort classifications of
each of the preprocessed and normalised SEE datasets were computed
using the density quantile function [26].

3.6. Duplex output algorithm

The duplex output SEE model is constructed based on Algorithm 1.
The input comprises of training and validation sets with predictor
variables - features(X), the response variable - effort(Y;) with its

Algorithm 1
Duplex Output Model (X, Yg Yq).

Input: Features (X), Effort (Y;) and Classification (Y>)
Outputs: Output (Yg) from regression model and Classification Output (Yq)
N < total number of dataset instances
p < total number of features
r < subset of p features
Br < Regression Coefficients
Q; < Threshold for Low Effort class
Qm < Threshold for Moderate Effort class
Qy < Threshold for High Effort class
Begin
1: Load project dataset of size N
2:  Preprocess dataset
// Attribute Selection using GSA
forii=1,..,pdo
select X[r] < X[1] to X[i]
end for
Apply normalisation technique
forj,j=1,..,Ndo
Perform LOO validation
9: end for
10: fork k=1,..,rdo
11: Compute f, < inv(XX)X'Y
12: end for
13:  Test for B, using AIC and Welch t-test
14:  Select best B, for model construction based on VIF
// Construct Regression model
150 Y < Bo+ ZBX;
16: Output(Yr) // Estimated Effort
// Effort classification
17:  Effort classification based on discretization function
18: If Output(Yr) < Q; then
19: Output(Yg) as “Low Effort”
20: else if Output(Yg) = Qy then
21: Output(Yg) as “High Effort”
22: else Output(Yg) as “Moderate Effort”
23: endif
24:  Output(Yy) // Effort classification
End

QN AW
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respective level of classification variable - classification(Y2). We first
load each dataset with N number of instances in step 1 and apply
preprocessing techniques to resolve all forms of variations in the dataset
(step 2) as elaborated in Section 3.2. In steps 3 to 5, a subset of r fea-
tures are selected from a total of p features. Here, the input feature
subset with the minimum MAE, minimum BMMRE and maximum ad-
justed R? is used in constructing the duplex output model. Thus, per our
empirical analysis, GSA proved more efficient over the 4 feature subset
selection techniques with respect to prediction accuracy. The feature
subset is subjected to the z-score normalisation technique (step 6). We
apply the leave-one-out (LOO) cross validation approach on the data-
sets and assessed each partition set performance (steps 7-9) with the
three evaluation measures. The partition set with the best accuracy
performance was considered for constructing the SEE model. The re-
gression coefficients, 8, were computed in steps 10-12 for each of the
regression models. In step 13, the B, values were tested using Welch's t-
test statistic as recommended by Kitchenham et al. [43]. This test is
effective for unequal data samples assumed to have inconsistencies or
unequal variances which are statistically different from each other. The
number of predictor variables can affect the model performance, hence
preprocessing techniques and multicollinearity diagnostic tests were
used in order to obtain the best feature subset for the regression models.
Akaike information criterion (AIC) and variance inflation factor (VIF)
were used to check for multi-collinearity among the Xr to obtain the
best fr (step 14). We considered multicollinearity as an issue if the VIF
is more than a specified threshold of ten [68] in each AIC model. The
multicollinearity diagnostic analysis was confirmed based on the use of
the t-test statistic [68]. The B, values were used to construct the re-
gression model in step 15 and the estimated effort values are denoted as
Output(Yg) in step 16. The Output(Yg) of the regression model is then
classified into its respective class (step 17). The estimated effort, Output
(Ygr) was categorised into their respective effort classes, namely low,
moderate and high efforts (steps 18-23). This is done based on the
density quantile function [26] thresholds to classify the effort values
into low (Q) and high (Qp) classes respectively (step 18-23). Thus,
estimated effort values less than Q; are classified as Low Effort and es-
timated effort values more than Qj are classified as High Effort. Lastly,
estimated effort values falling within the thresholds [Q; Qx] are classi-
fied as Moderate Effort. The algorithm ends with the estimated effort
classification as the second and auxiliary variable Output(Yy) (step 24).

3.7. Performance evaluation measures

In order to check the performance of the developed models, three
evaluation criteria were used, namely mean absolute error (MAE), ba-
lanced mean magnitude of relative error (BMMRE) and adjusted R
MAE is a good indicator for evaluating the average performance of a
given prediction model as noted by Shepperd and MacDonell [24],
Kocaguneli et al. [10], Sarro et al. [6], Willmott and Matsuura [69], and
Borji et al. [70]. BMMRE is considered over MMRE due to MMRE ratio
biasness, unbalanced measure, overestimation and other criticisms as
noted by Foss et al. [49] and Kumar and Yadav [71]. Adjusted R?
provides a more accurate judgement of the goodness of fit of an esti-
mation model as reported by Lokan and Mendes [23,32].

3.7.1. Mean absolute error (MAE)

MAE is a risk function that measures on average how the estimated
effort (Eg) values deviate from the actual or true effort (E4) values and it
is defined in (7). Note that n is the sample size of the data under con-
sideration.

1 n
MAE = — Y |Ey; — Egl
nia @
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3.7.2. Balanced mean magnitude of relative error (BMMRE)

In order to alleviate the unbalanced and the inability to over-
estimate, Miyazaki et al. [67] proposed the BMMRE metric defined in
(8). BMMRE was proven reliable in the selection of the best prediction
model by Kumar and Yadav [71].

n
BMMRE = L Z ( |Eai — Epil )

n = \ min(Ey;, Eg)

(®

3.7.3. Adjusted R?

Adjusted R? defined in (9) is used to measure the goodness of fit
which penalizes and optimizes the number of input features or in-
dependent variables to be included in each regression model [23]. This
metric helps to estimate the total variation in the response variable
(effort values) which has been accounted for by the independent vari-
ables.

A-R)(n-1

Adjusted R = 1 —
n—p-1 9

where p is the number of predictor variables and R? is the multiple
coefficient of determination.

Thus, for a model to achieve a relative prediction accuracy, it must
have a minimum MAE, minimum BMMRE and maximum adjusted R?
respectively.

3.8. Experimental setup

We conducted an empirical analysis to answer three research
questions. Each SEE model was set up using the leave-one-out (LOO)
cross validation approach [18]. We evaluated the models’ prediction
accuracy using MAE, BMMRE and adjusted RZ.

RQ1. Does feature subset selection improve the accuracy of the multiple
regression models?

We applied five feature subset selection techniques, namely BF,
SSFS, GSA, LFS and RS (see Section 3.3), to each of the datasets. The
intention was to assess the prediction accuracy of each of the wrapper
approaches (feature subset algorithm + regression-based model) and
obtain the best feature subset algorithm, which was then incorporated
into the multiple regression model. We applied the wrapper approach
because Chen et al. [50] showed that a model's predictive power can be
improved through the use of feature selection. Similarly, Kocaguneli
et al. [10] concluded that the essential content of an effort estimation
dataset can be characterised by a subset of features used in the mod-
elling. The MAE, BMMRE and adjusted R? evaluation measures were
used to assess the performance accuracy of the different feature subset
selection techniques. Thus, in each wrapper approach, the respective
feature subset technique together with each of the six regression tech-
niques were used and the prediction accuracy was assessed by aver-
aging the MAE, BMMRE and adjusted R? for each dataset. A test for
multicollinearity based on the variance inflation factor (VIF) and the
stepwise procedure [23,32] was used to assess the inclusion and ex-
clusion criteria of the feature subsets. Again, at the 5% asymptotic
significance level, the Kruskal-Wallis H-test [72] was applied to test the
significance of the inclusion of the feature subsets from each dataset. In
each case of model construction, the Akaike information criterion (AIC)
backward selection procedure was incorporated into each regression
analysis to further confirm the inclusion of the input feature subset. It
should be noted that the LOO validation [18] was used to partition the
dataset into training and validation sets. This was repeated until each
partition was used as part of the training and validation set.

To confirm that the feature subset selection process improved the
models’ accuracy performance, we performed another empirical ana-
lysis in which we constructed SEE models using all of the features in
each dataset.

RQ2. Can the level of software effort estimates be correctly classified?
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After obtaining the best feature subset selection algorithm based on
the performance evaluation metrics and the aforementioned statistical
tests, the estimated effort of each dataset was classified. The intention
was to determine whether the effort levels were correctly classified
across the multiple regression models. This was done as follows: for
each dataset, we applied the density quantile function [26] to discretise
the effort values into three classes. Thus, actual effort values below the
lower quartile (Q) formed the low effort class and values above the
upper quartile (Qp) formed the high effort class, with the values be-
tween Q; and Qy, forming the moderate effort class. We constructed each
multiple regression algorithm to estimate the software effort (first
output). Then, we assigned each estimated effort into a class (second
output) based on the thresholds identified by the density quantile
function. Estimated effort values that fall outside the thresholds of the
three classes can be an indication to software engineers to pay special
attention to such projects, as they might have characteristics that are
new to the organisation.

We evaluated the accuracy of the estimated effort classification
produced by the multiple regression models using MAE, BMMRE and
adjusted R? evaluation measures. Thus, minimum MAE, minimum
BMMRE and maximum adjusted R? values indicated that the duplex
output model had superior prediction accuracy. Following a similar
approach by Kocaguneli et al. [8] and Mensah et al. [36], each model
was set up using the LOO validation [18] and the number of prediction
losses were recorded.

We further performed a statistical test using the Welch's t-test sta-
tistic [43,73] to confirm the classification results for the effort estimates
at 1% and 5% asymptotic significance levels. This statistical test was
performed to investigate whether there were significant differences
between the classes of the actual effort values and the classes of the
estimated effort values for each multiple regression model. Welch's t-
test, a robust statistical test [43], was chosen as it can test for hetero-
geneous (unequal) variances within datasets. Thus, as the three esti-
mated effort classes were assumed to have heterogeneous variances, it
was necessary to use a more robust test statistic to test the accuracy of
the classifications of estimated effort produced by the multiple regres-
sion analyses.

RQ3. How is the accuracy of the regression-based models compared to
the accuracy of the state-of-the-art baseline model (ATLM)?

We considered the five regression-based models and performed an
empirical analysis to benchmark the results against the state-of-the-art
baseline model, ATLM [9]. The aim was to investigate the existence of
significant differences in performance accuracy between the regression-
based models. The GSA was used to incorporate the subset selection of
features and the models were set up with the LOO validation and
evaluated using MAE, BMMRE and adjusted R%. We first used the
Kruskal-Wallis H-test statistic to test the null hypothesis that ‘there is no
statistically significant difference in accuracy across the regression models’
[72]. We chose this test statistic because of its robustness to outliers. It
proved effective in a study by Krishna et al. [74] and Mensah et al. [35]
that compared the effectiveness of Bellwether projects. Secondly, fol-
lowing a similar approach by Whigham et al. [9], we compared the
regression models with the state-of-the-art model. The results for the
three evaluation measures, MAE, BMMRE and adjusted R? across the
models are presented in Section 4. For a model to be assessed as having
relative prediction accuracy, it had to have a minimum MAE, minimum
BMMRE and maximum adjusted RZ.

4. Results and discussion

4.1. RQI. Does feature subset selection improve the accuracy of the multiple
regression models?

This study applied five feature selection techniques. Below, we
present the recorded MAE, BMMRE and adjusted R? evaluation mea-
sures for each of the five selection techniques. The average MAE,
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Table 2
Evaluation of feature subset selection algorithms based on MAE (%).

Dataset BF SSFS GSA LFS RS None
Albrecht 21.1 14.5 14.1 21.2 34.2 21.2
China 20.2 20.2 11.6 20.2 35.3 20.9
Cocomo81 27.1 27.1 15.7 27.1 16.9 45.8
Coconasavl 35.1 35.1 17.3 35.1 19.5 47.0
Coconasa2 33.5 33.5 19.3 33.5 21.1 45.9
Cosmic 49.6 49.6 34.5 49.6 51.2 51.2
Desharnais 28.8 29.8 12.4 29.8 33.2 43.5
Kemerer 33.6 41.1 33.6 33.6 35.6 65.5
Kitchenham 8.8 8.8 8.8 8.8 8.8 9.2
Maxwell 33.7 45.9 17.5 33.7 46.8 46.8
Miyazaki 22.4 22.4 22.4 22.4 22.4 21.1
php_projects 15.7 15.0 15.0 15.0 15.0 17.2
telecom 39.1 39.1 39.1 39.1 39.1 45.6
USPO5 23.8 23.8 23.8 23.8 27.6 29.0
Mean 28.0 29.0 20.4 28.1 29.1 36.4

Note: ‘None’ indicates that no feature subset selection algorithm was considered during
the modelling.

Table 3
Evaluation of feature subset selection algorithms based on BMMRE (%).

Dataset BF SSFS GSA LFS RS None
Albrecht 35.5 27.2 13.2 24.7 34.9 35.5
China 20.9 25 10.6 31.9 34.1 20.9
Cocomo81 34.2 27.9 14.6 15.9 189 34.2
Coconasavl 57.8 56.8 53.4 50.2 56.7 57.8
Coconasa2 38.7 40.1 32.6 37.8 43.1 38.7
Cosmic 28 24.5 22.9 28.1 27.3 28

Desharnais 18.6 19.6 14.5 23.4 19.2 18.6
Kemerer 17.9 20.8 19.1 20.7 18.8 17.9
Kitchenham 16.2 17.4 11.3 12.7 17.3 16.2
Maxwell 39.6 46.6 27.5 49.9 41.2 39.6
Miyazaki 23.8 43.5 19.3 335 31.1 23.8
php_projects 39.6 18.6 24.5 26.1 26.7 39.6
telecom 20.9 22.5 12.4 18.4 33.8 20.9
USPO5 27.4 22.3 24.5 23.7 23.7 27.4
Mean 29.9 29.5 21.5 28.4 30.5 29.9

Table 4

Evaluation of feature subset selection algorithms based on adjusted R?.

Dataset BF SSFS GSA LES RS None
Albrecht 0.44 0.57 0.71 0.52 0.48 0.44
China 0.60 0.28 0.78 0.45 0.17 0.60
Cocomo81 0.71 0.58 0.70 0.56 0.37 0.71
Coconasavl 0.38 0.39 0.41 0.41 0.32 0.38
Coconasa2 0.39 0.42 0.57 0.40 0.52 0.39
Cosmic 0.61 0.61 0.66 0.57 0.50 0.61
Desharnais 0.64 0.64 0.77 0.59 0.60 0.64
Kemerer 0.58 0.55 0.62 0.49 0.48 0.58
Kitchenham 0.76 0.76 0.79 0.76 0.72 0.76
Maxwell 0.57 0.57 0.75 0.75 0.61 0.57
Miyazaki 0.64 0.58 0.65 0.62 0.55 0.64
php_projects 0.67 0.70 0.77 0.67 0.69 0.67
telecom 0.78 0.73 0.79 0.67 0.70 0.78
USPO5 0.60 0.54 0.65 0.65 0.62 0.60
Mean 0.60 0.57 0.69 0.58 0.52 0.60

Note: Adjusted R? lies in the range [0-1].

BMMRE and adjusted R? measures were recorded for each dataset using
the six regression models and each of the five feature subset selection
algorithms (Tables 2 — 4, respectively). The results presented in
Tables 2, 3 and 4 indicate that, on average, the genetic search algorithm
(GSA) had the minimum MAE value (20.4%), minimum BMMRE value
(21.5%) and maximum adjusted R? value (68.6%) across all of the
normalised datasets and all of the regression models. This is consistent
with a study by Andrews and Menzies [52] that found GSA to be the
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Table 5
Optimal number of features selected by GSA.
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Table 7
Software effort classification based on density quantile function.

Dataset Input features Dataset Software effort classification thresholds
Total Optimal Low Moderate High

Albrecht 7 3 Albrecht 0-0.32 0.33-0.64 = 0.65
China 16 10 China 0-0.24 0.25-0.54 = 0.55
Cocomo81 16 4 Cocomo81 0-0.25 0.26-0.37 = 0.38
Cocomonasal 16 7 Coconasavl 0-0.29 0.30- 0.57 = 0.58
Cocomonasa2 23 7 Coconasa2 0-0.23 0.24-0.52 = 0.53
Cosmic 10 5 Cosmic 0-0.21 0.22-0.56 = 0.56
Desharnais 10 5 Desharnais 0-0.31 0.32-0.57 = 0.57
Kemerer 6 3 Kemerer 0-0.24 0.25-0.56 = 0.57
Kitchenham 6 3 Kitchenham 0-0.13 0.14-0.26 = 0.27
Maxwell 25 19 Maxwell 0-0.22 0.23-0.65 = 0.66
Miyazaki 2 Miyazaki 0-0.16 0.17-0.30 =0.31
php_projects 11 5 php_projects 0-0.24 0.25-0.60 = 0.61
telecom 1 Telecom 0-0.26 0.27-0.69 = 0.70
USPO5 7 4 USPO5 0-0.22 0.23-0.31 =0.32

best and fastest feature subset algorithm for setting up a model. Table 2
shows that when no feature selection algorithm was used in the model,
the average performance evaluation based on MAE across the datasets
was 36.4%. This maximum MAE value for the non-application of fea-
ture subset selection algorithms shows the need to prune irrelevant
features prior to modelling. Similar results were obtained by the
BMMRE and adjusted R? evaluation measure, shown in Tables 3 and 4,
respectively. This is consistent with a study by Kocaguneli et al. [10]
that found that the essential content of an effort estimation dataset can
be characterised by a subset of features and that using the subset im-
proves prediction accuracy [52].

The optimal number of selected features for the different datasets
obtained by the GSA are presented in Table 5. These values were used
to construct the multiple regression-based models. The analysis of the
multicollinearity test showed that the VIF indicated that none of the
input features selected by the GSA should be excluded, as their re-
spective VIFs were less than the threshold of 10 stipulated by O’ Brien
[68]. The average F-test statistic and the p-values, multiple correlation
coefficients (R), adjusted R? and standard errors (SE) of the estimates
were recorded for all six regression models for each dataset (Table 6).
The results indicated that at the 5% significance level, the selected
input features were suitable for use in the multiple regression models,
as each p-value was less than the 0.05 significance level. The multiple
correlation coefficients (R) for all of the datasets were within the range
of 0.55-0.98 indicating a generally moderate to strong relationship
between the input features and the effort response variable. Similarly,
the adjusted R? values were on average within the range of 0.40-0.97
indicating that about 40 - 97% of the total variation in the effort

Table 6
Statistical diagnostic tests.

Dataset F-test p-value R Adj. R? SE

Albrecht 129.30 .004** 975 .944 175
China 40.49 .004** .673 442 617
Cocomo81 9.63 .000** 632 458 697
Coconasavl 33.89 .000** .906 .796 344
Coconasa2 5.22 .003** .578 .401 717
Cosmic 5.46 .022* .552 .399 747
Desharnais 17.59 .001%** .693 .483 513
Kemerer 5.08 .017* .819 .638 542
Kitchenham 4853.5 .001%* .987 973 156
Maxwell 16.51 .000%* .861 .696 442
Miyazaki 524.19 .000%* .970 964 137
php_projects 232.62 .005** 972 .940 .188
telecom 11.93 .003** .654 427 .543
USP05 52.60 .000%* .597 405 748

Significance: *p < .05, **p < .01.

response variable was accounted for by the selected input features.
Again, at the 1% and 5% significance levels, the Welch's t-test statistic
for the significance of each input feature in the duplex output model
confirmed the validity of the input attribute subset selection of each
dataset. The standard errors (SE) between the estimated efforts and the
actual efforts for all five models fell, on average, in the 0.14-0.75 range
(Table 6), indicating that the selected features for the duplex output
modelling improved accuracy when the datasets were preprocessed and
normalised. It should be noted that in each case of model construction,
the AIC backward selection procedure was incorporated to further
confirm the inclusion of the input subset selection of the features.
Hence, we considered GSA the best feature subset selection algorithm
for the multiple regression models when the datasets were normalised.

4.2. RQ2. Can the level of software effort estimates be correctly classified?

Table 7 shows the software effort classification thresholds for each
of the normalised datasets based on the use of the density quantile
function [26]. The low and high effort class thresholds were discretised
at the 25% and 75% quartiles, and the moderate effort class range was
between the 25%-75% quartiles. Given the high rate of inconsistencies
within effort estimation datasets, we agreed with other researchers
[28,75,25] that to accurately predict software effort, the datasets must
be subjected to a normalisation technique. This is a necessary step in
the correct classification of the estimated effort.

To confirm the above hypothesis, we classified the estimated effort
values in each dataset using each of the six multiple regression models
and evaluated their classification performance using MAE, BMMRE and
adjusted R?. Table 8 presents the recorded losses of the estimated effort
classifications for each dataset with respect to MAE performance eva-
luation. As we used the LOO validation approach, we recorded the
number of losses for each project's estimated effort class per a dataset.
Thus, a loss was recorded when the estimated effort class was different
from the actual effort class for at least one project for each SEE dataset.
To be able to assess the accuracy of the classification predictions of the
multiple regression models, the effort classes must be the same, despite
the variations between the effort estimates of the different prediction
models. In this analysis, a loss denoted by a ‘1’ indicates a wrong
classification of the software effort by the prediction model. The results
show that the ElasticNet regression (ENR) had the minimum number of
losses (i.e. two losses) in the estimation of the effort classification
(Table 8). This was followed by the state-of-the-art baseline regression
model, ATLM [9], and the LASSO regression which had a minimum of
four losses. Thus, the ENR model can more accurately predict effort
classes than the baseline model (ATLM) and the other regression models
examined in this study. The results from the LASSO regression yielded
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Table 8
Classification performances of the estimated effort w.r.t. number of losses.
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Table 10
Welch's t-test for software effort classification.

Dataset ATLM RR LASSO ENR RoR SWR

Albrecht
China
Cocomo81
Coconasavl
Coconasa2
Cosmic
Desharnais
Kemerer
Kitchenham
Maxwell
Miyazaki
php_projects
telecom
USP0O5

Sum of losses

hAOOHOOOROROOOO R
NOOHOOORMMEMOO KR M M
AP OOCOCOOCOCOHHHHOOHHOO
NOOOOOOOOHHOOO O
OHH HOOOKHORIHRKOR MK
AP OO0 O0OO0OHRREEREORO

Note: ‘1’ denotes a LOSS when the estimated effort classification is different from the
actual effort, whereas ‘0’ denotes a WIN, implying a correct classification.

fewer losses than the SWR, confirming the results of a previous study by
Tibshirani [61]. Similar results were obtained for the BMMRE and ad-
justed R? evaluation metrics. For brevity, we present only the MAE
results. The classes of the mean estimated efforts for the 14 SEE datasets
calculated by the six duplex output models are provided in Table 9. The
average classes (high (H), moderate (M) and low (L)) of the actual efforts
for each SEE dataset are also presented in Table 9.

We validated the estimated effort classification from the six multiple
regression models using Welch's t-test (Table 10). We also tested the
null hypothesis that ‘there is no statistically significant difference between
the estimated and actual effort classification made by the duplex output
models without assuming equality of variances’ . The Welch's t-test results
(depicted in Table 10) show that there were no significant differences
between the estimated effort classifications and the actual effort clas-
sifications for each of the six models across the datasets. Thus, the p-
values for each duplex output model were all greater than the 0.05 and
0.01 asymptotic significance levels. Thus, irrespective of the unequal
variances within datasets, the Welch's t-test results confirmed that the
level of prediction accuracy of the estimated effort classification was
within the 95% and 99% confidence intervals. It should be noted that
the degrees of freedom of the Welch's t-test are decimals, as the test
statistic is comprised of variances that are usually non-integers [43].

Table 9
Actual vs. estimated effort values and their classification.

Duplex model Welch's t-test

t-value df p-value

ATLM -0.6529 25.03 0.5198
RR -1.8688 25.79 0.0730
LASSOR -0.7555 24.01 0.4573
ENR 0.3392 23.96 0.7374
RoR -0.9833 24.93 0.3349
SWR -0.9464 13.00 0.3612

Significance: *p < .05, **p < .01.

Table 11

Kruskal-Wallis H-test for model evaluation.
Evaluation metric Chi-square p-value
MAE 6.63 0.024*
BMMRE 7.73 0.011*
Adjusted R? 10.09 0.028*

Significance: *p < .05, **p < .01.

4.3. RQ3. How is the accuracy of regression-based models compared to the
accuracy of the state-of-the-art baseline model (ATLM)?

Table 11 shows the results of the Kruskal-Wallis H-test for the null
hypothesis that ‘there is no significant difference between the accuracy of
the regression models’ . We present the Chi-square and p-values for the
comparison of the MAE, BMMRE and adjusted R? values of the six re-
gression models in Table 11. The results show that the p-values for the
three evaluation metrics were all significant at the 5% asymptotic sig-
nificance level, indicating that the null hypothesis can be rejected. We
therefore concluded that there are significant differences in the models’
prediction performance when all three evaluation metrics were used in
the assessment.

We present the results of the performance evaluation measures for
all the six models applied to all 14 datasets in Tables 12, 13 and 14,
which show the values for MAE, BMMRE and adjusted R?, respectively.
For all three evaluation measures, we did not get the same performance
evaluation for all six models across the datasets. We therefore assessed
the performance of the six regression models based on the sum of the
models’ performance in all 14 datasets. The greyed cells indicate the
best values and we summed the greyed cells for easy comparison and

Dataset Normalised effort (Level of class)
Actual ATLM RR LASSO ENR RoR SWR

Albrecht 0.66 (H) 0.61 (M) 0.48 (M) 0.68 (H) 0.74 (H) 0.60 (M) 0.82 (H)
China 0.56 (M) 0.60 (H) 0.47 (M) 0.57 (H) 0.57 (H) 0.37 (M) 1.24 (H)
Cocomo81 0.49 (H) 0.39 (H) 0.35 (M) 0.08 (L) 0.61 (H) 0.35 (M) 0.68 (H)
Coconasav1l 0.64 (H) 0.83 (H) 0.65 (H) 1.25 (H) 1.06 (H) 0.70 (H) 0.57 (M)
Coconasa2 0.56 (H) 0.64 (H) 0.57 (H) 1.13 (H) 1.05 (H) 0.49 (M) 0.08 (L)
Cosmic 0.59 (H) 0.52 (M) 0.02 (L) 0.08 (L) 0.56 (M) 0.39 (M) 0.16 (L)
Desharnais 0.72 (H) 0.87 (H) 0.56 (M) 0.19 (L) 0.69 (H) 0.70 (H) 0.47 (M)
Kemerer 0.58 (H) 0.38 (M) 0.34 (M) 0.62 (H) 0.82 (H) 0.35 (M) 0.77 (H)
Kitchenham 0.29 (H) 0.43 (H) 0.45 (H) 0.48 (H) 0.34 (H) 0.35 (H) 1.08 (H)
Maxwell 0.59 (H) 0.63 (M) 0.41 (M) 0.59 (M) 0.57 (M) 0.46 (M) 0.38 (M)
Miyazaki 0.61 (H) 0.52 (H) 0.51 (H) 0.61 (H) 0.47 (H) 0.36 (H) 0.68 (H)
php_projects 0.62 (H) 0.47 (M) 0.43 (M) 0.62 (H) 0.78 (H) 0.48 (M) 0.99 (H)
telecom 0.68 (M) 0.70 (M) 0.37 (M) 0.68 (M) 0.68 (M) 0.70 (H) 0.29 (M)
USP0O5 0.86 (L) 0.27 (M) 0.27 (M) 0.86 (H) 0.24 (M) 1.49 (H) 1.60 (H)

Note: Effort values are recorded in the normalised form with their classification — High (H), Moderate (M) and Low (L).
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Table 12
Comparison of the performance of the ATLM (state-of-the-art) and other regression
models w.r.t. MAE.
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Table 14
Comparison of the performance of the ATLM (state-of-the-art) and other regression
models w.r.t. adjusted r2.

MAE (%) Adjusted R’

Dataset ATLM RR LASSO ENR RoR SWR Dataset ATLM RR LASSO ENR RoR SWR
Albrecht 15.2 15.0 16.8 143 15.0 91.6 Albrecht 0.78 0.62 0.74 0.94 0.77 0.68
China 333 33.2 32.9 30.7 38.4 81.3 China 0.54 0.50 0.53 0.65 0.04 0.50
Cocomo81 25.5 17.8 11.1 36.6 11.2 43.4 Cocomo81 0.56 0.78 0.45 0.69 0.46 0.77
Coconasavl 32.3 35.1 53.7 46.5 30.9 55 Coconasavl 0.82 0.70 0.64 0.88 0.68 0.04
Coconasa2 50.2 49.6 77.1 63.6 48.0 32.4 Coconasa2 0.33 0.28 0.18 0.75 0.12 0.46
Cosmic 30.9 37.1 34.7 31.5 16.5 70.3 Cosmic 0.38 0.79 0.31 0.80 0.02 0.68
Desharnais 41.6 43.4 67.8 36.3 424 72.0 Desharnais 0.54 0.33 0.49 0.49 0.24 0.03
Kemerer 33.7 16.8 15.4 413 35.6 35.4 Kemerer 0.83 0.16 0.69 0.71 0.74 0.74
Kitchenham 6.4 8.0 83 78 12.6 17.3 Kitchenham | 0.90 0.89 0.89 0.89 0.84 0.46
Maxwell 17.8 17.8 17.2 30.1 21.7 18.1 Maxwell 0.82 0.82 0.84 0.83 0.65 0.18
Miyazaki 10.5 12.0 12.9 12.9 21.4 22.7 Miyazaki 0.89 0.88 0.88 0.87 0.73 0.79
php_projects 11.0 9.7 20.1 18.0 10.6 27.3 php_projects  0.44 0.58 0.49 0.81 0.49 0.61
telecom 21.2 27.6 21.4 20.2 21.1 32.0 telecom 0.12 0.07 0.15 0.46 0.16 0.32
USP05 52 5.7 84.7 30.6 87.9 36.6 USPO5 0.84 0.03 0.74 0.75 0.53 0.04
Sum of gre
shaded cgesllsy 3 1 3 4 1 2 fllnla:?ie‘:if cgelifsy 5 1 1 7 0 0

Note: The grey shaded cells indicate the best (minimum MAE) values across each dataset,
recorded in percentages.

Table 13
Comparison of the performance of the ATLM (state-of-the-art) and other regression
models w.r.t. BMMRE.

BMMRE (%)

Dataset ATLM RR LASSO ENR RoR  SWR
Albrecht 11.8 24.5 21.6 25.8 27.0 82.4
China 65.0 57.2 86.7 452 533 53.8
Cocomo81 45.8 92.4 53.1 56.1 71.1 76.1
Coconasav1 37.9 68.0 74.0 54.7 63.0 61.7
Coconasa2 37.9 48.2 57.0 22.2 18.3 36.0
Cosmic 26.7 29.7 50.7 22.0 27.3 62.9
Desharnais 23.6 67.9 63.5 55.0 7.8 25.2
Kemerer 77.4 38.7 56.6 71.7 74.3 87.5
Kitchenham 57.4 71.0 89.5 46.0 76.2 49.8
Maxwell 54.2 64.9 81.0 27.1 54.9 61.2
Miyazaki 19.5 56.9 39.0 49.9 20.1 74.4
php projects  48.8 459 71.9 67.7 52.9 36.7
telecom 66.7 59.5 54.3 8.1 78.2 79.0
USPO05 49.0 78.0 66.7 36.3 40.1 49.9
Sum of grey 5 1 0 6 1 1

shaded cells

Note: The grey shaded cells indicate best (minimum BMMRE) values across each dataset
recorded in percentages.

assessment. We found that the ElasticNet regression (ENR), which is a
hybrid regression-based model, performed better or slightly better than
the ATLM [9] as measured by all three performance measures.

We agree with Whigham et al. [9] that a suitable regression- based
model can form a baseline model for SEE. Therefore, we recommend
the use of ENR as an auxiliary to the baseline ATLM [9] model. The
results of our empirical experiment have shown that ENR, like ATLM,
does not require the rigorous fine tuning of model parameters from one
dataset to another. This makes it very simple and more robust for
general purposes.

5. Conclusion
5.1. Summary of findings

This study introduces a classification scheme to aid in the self-
guided interpretation of the software effort estimates that are predicted

by estimation models. The density quantile function [26] is used to
generate three effort classes (high, low and moderate) from 14 historical
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Note: The grey shaded cells indicate best (maximum adjusted R?) values across each da-
taset. It should be noted that adjusted R? lies in the range [0-1].

datasets. Each of these software effort estimates are subsequently as-
signed to one of these classes to denote the effort expended during
software development. The classification scheme is intended to mini-
mise the problem of conclusion instability highlighted in previous
studies [7,18,19,21]. The study addresses this challenge by estimating
software effort (as output 1) and classifying the estimated effort into
three levels or classes (as output 2). We call this estimation procedure
the duplex output software effort estimation. The new classification
scheme will allow researchers and software engineering practitioners to
interpret software effort estimates in the context of the dataset used to
develop the estimation models. Using three research questions, we first
apply five feature subset selection techniques and three data transfor-
mation techniques (box-cox, log-transform and z-score) to 14 SEE data-
sets. The results show that the genetic search algorithm (GSA) and z-
score normalisation have relatively significant effects on the prediction
accuracy for all of the datasets. Thus, we recommend the use of the GSA
for optimal feature subset selection for the duplex output model. Sec-
ondly, by incorporating the density quantile function, we are able to
estimate the effort classes for all 14 SEE datasets. The results are vali-
dated with Welch's t-test at 95% and 99% confidence intervals. Lastly,
with respect to the three performance measures, MAE, BMMRE and
adjusted R?, we observe that the ElasticNet regression has a better
prediction accuracy than the baseline state-of-the-art model (ATLM)
[9]. Thus, incorporating the GSA, z-score normalisation, density quan-
tile function and ElasticNet regression into the duplex output model re-
sult in relatively high prediction accuracy. We conclude that, irre-
spective of the variations within SEE datasets, the duplex output
modelling approach can minimise conclusion instability and improve
prediction accuracy. Researchers and practitioners can adopt this ap-
proach to assess and easily interpret the software effort estimates
generated by prediction models.

5.2. Threats to validity

5.2.1. External validity

We use 14 SEE datasets (13 of which are benchmark datasets in the
SEE domain) that have been used in previous SEE studies [18,9,8,7,36].
These datasets are convenience samples, and are not generally re-
presentative of all SEE datasets. Therefore, the results from this study
cannot be confidently generalised beyond these datasets. Again, the
different characteristics, including data inconsistency, data diversity,
heterogeneous data etc., of the 14 SEE datasets also pose challenges to
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attempts to generalise the results. As these datasets emerge from mul-
tiple industries with different development policies, they may not be
fair and generalisable representations of projects in a particular in-
dustry. Due to the heterogeneous nature of SEE datasets, it is important
to note that some projects were eliminated during the preprocessing
phase. For example, in the Desharnais dataset, four instances with
missing entries were eliminated during preprocessing. Thus, the het-
erogeneous nature of SEE datasets, which leads to a reduction in the
sampled projects, affects the generalisability of the results.

5.2.2. Construct validity

To evaluate whether the requisite measure(s) were taken to achieve
construct validity, we consider six regression modelling approaches to
build the SEE models: ATLM, stepwise regression, ridge regression,
robust regression, ElasticNet regression and LASSO regression. The re-
sults indicate that most of the classifications are consistent across all six
modelling techniques, supporting the validity of this research. As re-
commended by Kocaguneli and Menzies [18], this study adopts the
leave-one-out (LOO) cross validation approach for training and vali-
dation purposes. As a result, other sampling methods, such as the 10-
fold, 30-fold cross validation [9] and random splits [47] have not been
assessed. However, we are confident that the LOO cross validation
method is sufficient, as it has been effectively used in several previous
effort estimation modelling studies. Three main performance measures,
mean absolute error (MAE), balanced mean magnitude of relative error
(BMMRE) and adjusted R? are used to assess the evaluations. Although
other evaluation measures could have been used, these three measures
have been proven to be reliable and effective in previous studies
[24,10,23,32,71]. These performance measures are unbiased towards
model overestimation and underestimation [23,71]. Other evaluation
measures such as mean magnitude of relative error (MMRE), median
magnitude of relative error (MdMRE) and PRED(k) are misleading
evaluation measures that result in biases in model assessment [49]. It is
difficult to establish the efficiency of data transformation techniques
used in SEE studies, as so many have been used without actually as-
sessing their relative performance. This study therefore evaluated three
data transformation methods on the same set of datasets and found that
the z-score transformation technique achieved the most accurate per-
formance on all of the datasets used in this study.

5.2.3. Conclusion validity

The models used in this study are automated and this can result in
automation bias. For example, the features are selected and the re-
gression models are set up automatically. Automating a process in-
volves making a series of assumptions that can result in biases.
Nevertheless, the assumptions made in this study (e.g. data normality
assumption) are based on the findings of previous studies [18,10,7] of
building data mining and prediction models. Hence, the validity of the
results can be trusted as the assumptions are reasonable. Finally, robust
statistical tests (e.g. Welch's t-test and Kruskal-Wallis H-test) suitable for
the datasets and problem at hand have been carefully applied to verify
the validity of the results.

5.3. Future directions

Future research will examine projects from different repositories or
organisations with the objective of increasing the generalisability of the
results. We also plan to use other regression techniques such as the
Bayesian regression to confidently benchmark our results. We also aim
to expand our modelling approach by including non-regression-based
models such as the deep learning approach and other statistical ap-
proaches to estimate the software effort.
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