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Abstract. In this research a general regression neural network (GRNN) was
applied for estimating the development effort in software projects that have
been developed in laboratory learning environments. The independent variables
of the GRNN were two size measures as well as a developer measure. This
GRNN was trained from a dataset of projects developed from the year 2005 to
the year 2008 and then this GRNN was validated by estimating the effort of a
new dataset integrated by projects developed from the year 2009 o the first
months of the year 2010. Accuracy results from the GRNN model were
compared with a statistical regression model. Results suggest that a GRNN
could be used for estimating the development effort of software projects when
two kinds of lines of code as well as the programming language experience of
developers are used as independent variables.
Keywords: Software engineering, software effort estimation, general regression
neural network, statistical regression, programming language experience.

1 Introduction
The software process perspectives can be classified as follows [10]: organizations,
teams and people. The performance of a software development organization is
determined by the performance of its engineering teams, which in turn is determined
by the performance of the individual team members, and finally the performance of
the latter is, at least in part, determined by the practices these developers follow in
doing their work [22]. The levels of software engineering education and training of
each developer could be classified in the small and in the large software projects [6].
Software development effort estimation is one of the three main practices used for
training developers of small projects at the personal level (the other two are related to
software defects and software size [22]). Software development estimation techniques
can be classified into two general categories:
1) Expert judgment. This technique implies a lack of analytical argumentation and
aims at deriving estimates based on the experience of experts on similar projects; this
technique is based on a tacit (intuition-based) quantification step [11].
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2) Model-based technique. It is based on a deliberate (mechanical) quantification
step [11], and it could be divided into the following two subcategories:
a) Models based on Statistics: Its general form is a linear or nonlinear statistical
regression model [3].
b) Models based on computational intelligence: These techniques have emerged in
the software engineering field [21], and they include fuzzy logic [15], neural networks
[5], genetic programming [4], and other evolutionary algorithms [1].
Based on the assumption of that no single technique is best for all situations and that a
careful comparison of the results of several approaches is most likely to produce
realistic estimates [2], this study compares the following models with each other:
statistical regression and a neural network. Accuracy comparison between neural
networks and statistical techniques has been a concern when applying these
techniques to several fields such as accounting, finances, health care, medicine,
engineering, manufacturing and marketing [18]. The two models were generated from
data of small projects developed using practices of the Personal Software Process
(PSP) because when this approach was applied to this kind of projects, the PSP has
proved useful for delivering quality products on predictable schedules [22]. The
models used in this research were generated from a dataset of 156 projects developed
by 51 persons from the year 2005 to the year 2008 and then these two models were
applied for estimating the development effort of a new dataset consisting of 156
projects developed by 47 persons from the year 2009 to the first months of the year
2010.
1.1 Description of Dependent and Independent Variables
The development effort of the software projects involved in this study was measured
in minutes, whereas the size was measured as lines of source code (LOC); in fact,
LOC remain in favour in many models [17]. There are two measures of source code
size [20]: physical and logical. In this study, physical source lines are considered and
all projects were developed based upon a similar coding standard as well as counted
by the same counting standard.
The two kinds of physical lines of code that were used for estimating the
development effort of this study were New and Changed (N&C) lines of code as well
as reused code. Both Added plus Modified code make up the N&C, whereas reused
code corresponds to LOC of previously developed projects that are used without
modification [9].
Considering that, after software product size, people factors have the strongest
influence in determining the amount of effort required in developing a software
product [3], the models used in this paper involved an additional independent variable
previously considered in [3]: programming language experience, which was measured
in months for each developer.
1.2 Criterion for Accuracy Evaluation
The Magnitude of error Relative to the Estimate (MER) is used as criterion for
evaluating and comparing the estimation models of this paper. MER was selected
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because the Magnitude of Relative Error (or MRE, which has commonly been used as
criterion) is not strongly recommended and MER has showed better results than MRE
[7]. The MER is defined as follows:
MER i =

Actual Effort i - Estimated Effort i
Estimated Effort i

The MER value is calculated for each observation i whose effort is estimated. The
aggregation of MER over multiple observations (N) can be achieved through the
Mean MER (MMER) as follows:

MMER = (1 / N )

∑

N
i =1

MER i

The accuracy of an estimation technique is inversely proportional to the MMER.
A reference for an acceptable value of Mean of Magnitude of error Relative to the
Estimate (MMER) has not been found. In several papers, a Mean of the Magnitude of
Relative Error or MMRE≤0.25 has been considered as acceptable, however, the
authors who have proposed this value neither present any reference to studies nor any
argumentation providing evidence [12].
1.3 Related Work

Models based upon neural networks and statistical regressions have already been
applied for estimating development effort of large software projects [5] [8]. As for
neural networks, the feedforward neural network (the most commonly used in the
effort estimation field [19]), and a general regression neural network (GRNN) have
already been applied for estimating software development effort [13] [16], however,
in these two studies the developers’ programming language experience was not
considered because this independent variable was not found statistically significant in
order to use it for comparison with other models.

2 Experimental Design
In this work, collected data were gathered from the same instruments (logs), phases,
and standards suggested by the PSP. The experiment was done within a controlled
environment having the following characteristics:
• This research involved only graduate students, because previous qualitative
analysis have shown that within a PSP course, undergraduate students were more
concerned with programming than with the software process issues [14] [23].
• All of the developers were employed and experienced, doing software
development in their working environment; however, none of them had taken a course
related to personal practices for developing software at the individual level.
• All developers were studying a graduate program related to computer science.
• Each developer wrote seven project assignments (one each day). However, only
four of them were selected from each developer. The first three projects were not
considered because they had differences in their process phases and logs, whereas in
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the last four projects, phases were the same: plan, design, design review, code, code
review, compile, testing and post-mortem, and they were based on the same logs.
• Each developer selected his/her own imperative programming language whose
coding standard had the following characteristics: each compiler directive, variable
declaration, constant definition, delimiter, assign sentence, as well as flow control
statement was written in a line of code.
• In all projects the following instruments were used by all developers: project
plan summary, defect type standard, time recording log, defect recording log and
process improvement proposal. A test report template was introduced from the second
to the seventh projects in the testing phase. A code review checklist was introduced
from the third to the seventh projects, and design review checklist was used from the
fourth to the seventh projects. Thus, from the fourth project on, all the developers
used all practices and logs planned for this study. Hence, the first, second and third
projects were excluded from this study; otherwise the comparison of the development
time results would have been unfair.
• Developers had already received at least one formal course on the object
oriented programming language of their choice and they had good programming
experience in that language. The sample of this study reduced the bias because it only
involved developers whose projects were coded in C++ or Java.
• As this study was an experiment with the aim of reducing bias, the developers
were not informed about the experimental goal.
• Developers filled out a spreadsheet for each task and submitted it electronically
for examination.
• All of the developers followed the same counting standard.
• Developers were constantly supervised and advised about the process.
• The code written in each project was designed to be reused in subsequent projects.
• The developed projects had complexity similar to that suggested by the original
PSP [9] and are described in [15].

3 Description of Estimation Models
The data sample of projects for generating the models had the following
characteristics:
1. It considered New and Changed code and Reused code.
2. Programming language experience was considered.
3. Data for all projects were correct, complete, and consistent.
The general regression neural network and the statistical regression were either
trained or generated from a dataset of 156 projects developed by 51 persons from the
year 2005 to the year 2008.
3.1 Statistical Regression Model

Equation (1) was generated using the actual data from the 156 projects.
Effort = 57.4098 + (1.1*N&C) – (0.18*Reused) – (0.36*Programming Language Experience) (1)
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The intercept value of 57.40 is the value of the line where independent variables
are equal to zero. Signs of each of the three parameters meet with the following
assumptions related to the software development:
1) The higher the value of new and changed code (N&C), the higher the
development effort is.
2) The higher the value of reused code, the lower the development effort is.
3) The higher the value of programming language experience of developers, the
lower the development effort is.
An acceptable value for the coefficient of determination is r2 ≥ 0.5 [9]. This equation
had an r2 = 0.51. The ANOVA for this equation had a statistically significant
relationship between the variables at the 99% confidence level. To determine whether
the model could be simplified, a parameter analysis of the multiple regression was
done; results from this analysis showed that the highest p-value on the three
independent variables was 0.0250, corresponding to reused code. Since this p-value
is less than 0.05, reused code is statistically significant at the 95% confidence level
(the software tool used was Statgraphics 4.0); consequently, the independent variable
of reused code was not removed.
3.2 General Regression Neural Network

A General Regression Neural Network (GRNN) has the following advantages: (a) fast
learning and (b) convergence to the optimal regression surface as the number of
samples becomes very large. The GRNN has shown that, even with sparse data in a
multidimensional measurement space, the algorithm provides smooth transitions from
one observed value to another [24].

Fig. 1. General Regression Neural Network Diagram

Figure 1 shows the architecture of the implemented GRNN. Input units provide all
the scaled measurement independent variables X to all neurons on the second layer,
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the pattern units. Each pattern unit can represent one sample exemplar, or, when the
number of sample exemplars is large, a cluster center representing a subset of related
exemplars in the sample [24]. When a new vector X is fed into the network, it is
subtracted from the stored vector in the pattern units. The absolute values of the
differences are summed and passed on to an exponential activation function. The
pattern units output are fed into the summation units, which perform a dot product
between a weight vector and a vector representing the outputs from the pattern units.
The summation unit that generates an estimate of f(X)K (where K is a constant
determined by the Parzen window used, but that does need computing) sums the
outputs of the pattern units weighted by the number of observations represented by
each cluster center. The summation unit that estimates Y´ f(X)K multiplies each value
from a pattern unit by the sum of the samples Yj associated with cluster center Xi. The
output unit merely divides Y´ f(X)K by f(X)K to produce the desired estimate of Y [24].

4 Analysis
4.1 Verification of Models

The models presented in Section 3 were applied to the original dataset generated from
2005 to 2008 (the software tool used for training the GRNN was MatLab 6.1 having a
spread=10 as best value for fitting) and the MER by project as well as the MMER by
model were then calculated. For example, the actual data from a project was
developed (design, design review, code, code review, compile and testing phases) in
171 minutes, it contained 95 N&C and 8 reused lines of code, respectively, and it was
developed by a person having 14 months of experience in the programming language
used. The multiple regression equation generated an effort equal to 155.49 minutes,
whereas the GRNN yielded 168.83 minutes. The MER by model is the following:
Statistical regression

GRNN

171 - 155.49

171 - 168.83

MERi =

155.49

= 0.10

MER i =

168.83

= 0.01

The MMER values by model were the following:
•
•

Multiple Linear Regression = 0.27
General Regression Neural Network = 0.23

The ANOVA for MER for the projects showed that there was a statistically significant
difference amongst the accuracy of estimation for the two techniques at the 95.0%
confidence level. The following three assumptions of residuals for MER ANOVA were
analysed: independent samples, equal standard deviations and normal populations.
4.2 Validation of Models

A new set of 47 programmers developed 156 projects in the year 2009 and the first
months of 2010. These experiments had the same characteristics as the projects
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presented in Section 2. Once the two models for estimating the development effort
were applied to these new data, the MER by project as well as the MMER by model
were calculated. The MMER results by model were the following:
•
•

Multiple Linear Regression = 0.24
General Regression Neural Network = 0.26

Results from an ANOVA for MER showed that there was not a statistically
significant difference between the two models at the 95% confidence level. In
addition, the assumptions of residuals for MER ANOVA by group were analysed and
the equal deviation as well as the normality were met.

5 Conclusions and Future Research
Based on the fact that after product size, people factors have the strongest influence in
determining the amount of effort required to develop a software product, the models
developed in this research include the developers’ programming language experience.
This study compared two models for estimating software development effort of
projects developed in a controlled experiment. One of the models developed is one of
the most used in the software estimation field: statistical regression, whereas the other
model corresponded to a computational intelligence technique: a neural network.
These models were generated from a dataset composed of 156 projects developed by
51 persons. These two models were then applied to a new group of 156 projects
developed by 47 programmers. All projects were developed in accordance with a
similar experiment design within a laboratory learning environment and using a
technology specifically designed for that kind of environment: Personal Software
Process. In the verification stage, the general regression neural network (GRNN) had
a better accuracy than the regression model, whereas in the validation stage, there was
not a difference with statistical significance between the two models. These results
suggest that a GRNN having as input new and changed code, reused code and
programming language experience can be used for estimating the development effort
of projects when developed in a laboratory learning environment and based upon a
disciplined process as the one suggested by the Personal Software Process.
Based upon complexity increases with size of projects, future research involves the
use of a GRNN for estimating the development effort of large scale projects.
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