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Abstract Software development effort prediction is
considered in several international software processes as
the Capability Maturity Model-Integrated (CMMi), by
ISO-15504 as well as by ISO/IEC 12207. In this paper,
data of two kinds of lines of code gathered from pro-
grams developed with practices based on the Personal
Software Process (PSP) were used as independent vari-
ables in three models for estimating and predicting the
development effort. Samples of 163 and 80 programs
were used for verifying and validating, respectively, the
models. The prediction accuracy comparison among a
multiple linear regression, a general regression neural
network, and a fuzzy logic model was made using as
criteria the magnitude of error relative to the estimate
(MER) and mean square error (MSE). Results accepted
the following hypothesis: effort prediction accuracy of a
general regression neural network is statistically equal
than those obtained by a fuzzy logic model as well as by
a multiple linear regression, when new and change code
and reused code obtained from short-scale programs
developed with personal practices are used as indepen-
dent variables.
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1 Introduction

Planning, bidding, and budgeting of software development
projects consider as an important factor the effort predic-
tion required to complete the project; bad effort estimates
may address to poor planning, low profitability, and con-
sequently products with poor quality [23]. Software
researchers have addressed the problems of effort estima-
tion for software development projects since at least the
1960s, and the early models were those based upon sta-
tistical regression [24].

Software estimation has been identified as one of the
three great challenges for half-century-old computer sci-
ence [9], and several effort estimation techniques have
been proposed and researched over the last years [7, 35].
Researchers aimed to (1) determine which technique has
the greatest effort prediction accuracy or (2) propose new
or combined techniques that could provide better estimates.

Software development estimation techniques can be
classified into three general categories [35]:

1. Expert judgment: It remains the predominant meth-
odology of choice [5]. The term expert estimation is
not clearly defined and covers a wide range of esti-
mation approaches; a common characteristic is, how-
ever, that intuitive processes constitute a determinant
part of the estimation [21]. This technique implies a
lack of analytical argumentation and by the frequent
use of phrases such as “I think that ...” and “I feel that
...” [24], and it aims to derive estimates based on an
experience of experts on similar projects. The means
of deriving an estimate are not explicit and therefore
not repeatable [35]. Psychological research on real-
world quantitative expert estimation “has not culmi-
nated in any theory of estimation, not even in a
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coherent framework for thinking about the process”
[24].

2. Algorithmic models: It has been very popular in
literature [8, 35]. It attempts to represent the relation-
ship between effort and one or more characteristics of a
project; the main cost driver in a model is usually taken
to be some notion of software size (e.g., the number of
lines of source code). Its general form is a linear
regression equation, as that used by Kok [29], or a
group of non-linear regression equations as those used
by Boehm in COCOMO 81 [2] and COCOMO 1I [4].

3. Machine learning: Machine learning techniques have
been used as a complement or alternative to the
previous two techniques in recent years [40, 46]. Fuzzy
logic models are included in this category [32] as well
as neural networks [40], genetic algorithms [47],
genetic programming [10], regression trees [24], case-
based reasoning [25], and associative memories [30].

A primary conclusion of a previous research is 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 [3]. Based upon this
conclusion, in this paper, are compared the accuracies of a
multiple linear regression (MLR), a general regression
neural network (GRNN), and a fuzzy logic model (FLM).
This comparison is based upon the two following main
stages when an estimation model is used [37]: (1) the model
adequacy checking or model verification (estimation stage)
must be determined, that is, whether the model is adequate to
describe the observed (actual) data; if so, then (2) the esti-
mation model is validated using new data (prediction stage).

The hypothesis to be investigated in this paper is the
following:

Effort prediction accuracy of a general regression
neural network is statistically equal or better than
those obtained by a fuzzy logic model as well as by a
multiple linear regression, when new and change
code and reused code obtained from short-scale
programs developed with personal practices are used
as independent variables.

The foundation for predicting the effort should be based
on the assumption of that unless software engineers have
the capabilities provided by personal training, they cannot
properly support their teams or consistently and reliably
produce quality products; this assumption is from the
Personal Software Process (PSP) whose practices and
methods have been used by thousands of software engi-
neers for delivering quality products on predictable sche-
dule [43].

The capability maturity model (CMM) gives an avail-
able description of the goals, methods, and practices
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needed in software engineering industrial practice, while
the PSP allows its instrumentation at a personal level
(twelve of the eighteen key process areas of the CMM are
at least partially considered in PSP) [17]. This paper is
based upon some PSP practices and takes account of the
guidelines suggested in [27].

In this study, two measures related to software size
(lines of code) as well as to development time (effort) were
gathered from 163 small programs developed by 53 pro-
grammers. From this set of programs, a MLR equation as
well as a FLM was generated, and then, a GRNN was
trained too; then, their adequacy was checked (verifica-
tion). Afterward, these three models were validated with
the effort estimation of 80 programs developed by other
group integrated by thirty programmers. Verification data
of this research were gathered through 2005, 2006, and
2007 years, whereas validation data were obtained through
2008 and first trimester of 2009 year.

1.1 Fuzzy logic

Newer computation techniques on cost estimation that are
non-algorithmic appeared in the 1990s; fuzzy logic with its
offerings of a powerful linguistic representation can represent
imprecision in inputs and outputs, while providing a more
expert knowledge-based approach to model building [1].

A fuzzy model is a modeling construct featuring two
main properties [42]: (1) It operates at a level of linguistic
terms (fuzzy sets) and (2) it represents and processes
uncertainty.

Estimation techniques have an important limitation,
which arises when software projects are described using
categorical data (nominal or ordinal scale) such as small,
medium, average, or high (linguistic terms or values). A
more comprehensive approach to deal with linguistic val-
ues is using the fuzzy set theory [20, 34]. Specifically,
fuzzy logic offers a particularly convenient way to generate
a keen mapping between input and output spaces thanks to
the natural expression of fuzzy rules [49].

In software development effort estimation, two consid-
erations justify the decision of implementing a fuzzy
model: first, it is impossible to develop a precise mathe-
matical model of the domain [31]; second, metrics only
produce estimations of the real complexity. Thus, accord-
ing to the previous assertions, formulating a tiny set of
natural rules describing underlying interactions between
the software metrics and the effort estimation could
effortlessly reveal their intrinsic and wider correlations.
Disadvantages of a fuzzy model could be that (1) it requires
a lot of data, (2) the estimators must be familiar with the
historically developed programs, and (3) it is not useful for
programs much larger or smaller than the historical data
[17]. In this research, only the third one represents a
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disadvantage since the sample was conformed by 163
programs and those were well known to the estimator.

In this paper, data defuzzification is constructed based
on a rule induction system replacing the crisp facts with
fuzzy inputs, then an inference engine uses a base of rules
to map inputs to a fuzzy output which either can be
translated back to a crisp value or left as a fuzzy value [44].

1.2 General regression neural network

There are some advantages when using estimation by
artificial neural networks [40] which are as follows: (1) it
allows the learning from previous outcomes and (2) it can
model a complex set of relationships between the depen-
dent variable (effort) and the independent variables (i.e.,
new and changed, as well as reused lines of code); more-
over, they have been considered as promising techniques to
build predictive models, because they are capable of
modeling non-linear relationships [26]; however, there are
some shortcomings which include the following: (1) the
ability of neural networks to solve problems of high
complexity has been proven in classification and catego-
rization areas, whereas in the cost estimation field, we deal
with a generalization rather than a classification problem
and (2) there is not guidelines for the construction of the
neural network topologies (number of layers, number of
neurons by layer, or initial weights).

This paper uses a general regression neural network
(GRNN) whose principal advantages are (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 tran-
sitions from one observed value to another [45].

Figure 1 shows the architecture of a GRNN [45]. The
input units are merely distribution units that provide for all
the scaled measurement variables X to all neurons on the
second layer, the pattern units that are dedicated to one
exemplar or one cluster center. When a new vector X is
entered into the network, it is subtracted from the stored
vector representing each cluster center. Either the squares
or the absolute values of the differences are summed and
fed into a non-linear activation function. The activation
function normally used is the exponential. The pattern
units’ output is passed onto the summation units. The
summation units perform a dot product between a weight
vector and a vector composed of the signals from the
pattern units. The summation unit that generates an esti-
mate of F(X)K sums the outputs of the pattern units
weighted by the number of observations each cluster center
represents. The summation unit that estimates Y F(X)K
multiplies each value from a pattern unit by the sum of the
samples ¥ associated with cluster center X'. The output
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Fig. 1 General regression neural network diagram

unit merely divides Y’ F(X)K by F(X)K to yield the desired
estimate of Y. When estimation of a vector Y is desired,
each component is estimated using one extra summation
unit, which uses as its multipliers sums of samples of the
component of Y associated with each cluster center X'.
Figure 1 depicts a feedforward network that can be used to
estimate a vector Y from a measurement vector X.

1.3 Software measurement (independent variables)

In spite of the availability of a wide range of software
product size measures, source lines of code (LOC) remains
in favor of many models [33, 35]. In fact, since attributes
must be relevant for the effort estimation, researches use to
correlate lines of code to effort [19].

There are two measures of source code size: physical
source lines and logical source statements. The count of
physical lines gives the size in terms of the physical length
of the code as it appears when printed [39].

In this study, the independent variables of the models
are new and changed (N&C) as well as reused code, and all
of them are considered as physical lines of code (LOC).
N&C is composed of added and modified code. The added
code is the LOC written during the current programming
process, while the modified code is the LOC changed in the
base program when modifying a previously developed
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program. The base program is the total LOC of the pre-
vious program, while the reused code is the LOC of pre-
viously developed programs that are used without any
modification [17].

A coding standard should establish a consistent set of
coding practices that is used as a criterion when judging the
quality of the produced code [17]. Hence, it is necessary to
always use the same coding and counting standards. The
programs developed of this study followed these guidelines.

1.4 Accuracy criteria

It has been demonstrated that the magnitude of relative
error, or MRE, (a common criterion for the evaluation of
cost estimation models) does not identify the best predic-
tion model [14]. In accordance with [14], the implications
of this finding are that the results and conclusions on pre-
diction models over the past 15-25 years are unreliable and
may have misled the entire software engineering discipline;
therefore, they strongly recommend not using MRE to
evaluate and compare prediction models, but the magni-
tude of error relative to the estimate, or MER, that was
proposed in [28].
The MER is defined as follows:

|Actual Effort; — Estimated Effort;|

MER; = -
Estimated Effort;

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 (MMER) as follows:

MMER = (1/n) > MER,
i=1

Intuitively, MER seems preferable to MRE since MER
measures the error relative to the estimate. Results of
MMER in [14] had better results than MMRE; this fact is
the reason for using MMER in this study.

The accuracy of an estimation technique is inversely
proportional to the MMER. In several papers, a
MMRE < 0.25 has been considered as acceptable, how-
ever, who has proposed this value [11] neither present any
reference to studies nor any argumentation providing evi-
dence [22]. On the other hand, a reference for an acceptable
value of MMER has not been found.

Another complementary criterion used in this study for
evaluating the accuracy of the models is the mean square
error (MSE) which is calculated for n-programs as follows:

(Actual Effort; — Estimated Effort; )
n

MSE,; =
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1.5 Related work

Artificial neural networks and statistical regression have
been investigated, and results have shown that the per-
formance of both techniques indicates that they are
competitive with models generated from data of large
programs [12, 13, 15]. The feedforward multi-layer per-
ceptron with back propagation learning algorithm is the
most commonly used in the effort estimation field [40].
However, it has not found any paper for which a GRNN
has been used for predicting the software development
effort of short-scale programs. One paper found uses a
GRNN but for predicting the number of defects in a class
as well as for predicting the number of lines changed by
class [36].

On the other hand, fuzzy logic has been used for pre-
dicting the development effort of large programs [1, 6, 16,
19, 39, 48], whereas about short-scale programs only one
paper was found; however, it did not use new and changed
(N&C) as well as reused code as independent variables, but
only one of them (N&C) [32].

1.6 Verification (estimating) and validation
(predicting) of models

There are two main stages for using an estimation model
[37]:

1. Model adequacy checking (or model verification): The
MMER is calculated for each model as well as an
analysis of variance (ANOVA) to compare their MER.

2. Model validation: Once the adequacy of the models is
checked, the effort of the new gathered dataset is
predicted.

This research involved a sample integrated by 83 pro-
grammers divided into two groups: one for checking the
adequacy of the models (53 developers with 163 programs)
and the other (30 developers with 80 programs) for vali-
dating the models.

2 Experimental design

The experiment was done inside a controlled environment
having the following characteristics:

e Each programmer developed seven small programs.
Seven was a number established because of the
availability of developers (the course duration is a
principal concern for industrial organizations [18]).

e Ten sessions were carried out by programmer. The first
session was spent for the introduction to PSP and for
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studying and making the coding and counting stan-
dards. From the second to the eighth training day
session, one program was developed (one daily).
Finally, the ninth and tenth days were assigned to
make final reports.

e In all programs, the following artefacts were used by all
developers [17]: coding standard, counting standard
(see Table 1), defect-type standard, project plan sum-
mary, time recording log, defect recording log, and
process improvement proposal. A test report template
was introduced in the second through the seventh
programs in the testing phase. Code review checklist
was introduced in the third—seventh programs, and
design review checklist was used in the fourth—seventh
programs. Thus, from fourth program on, all practices
and logs planned for this study were used by all the
developers. Hence, the first, second, and third programs
were excluded from this study, otherwise the compar-
ison of the development time results would have been
unfair.

e Developers had already received at least a course about
the imperative programming language that they used
though the assignments—programs.

e Developers were constantly supervised and advising
about the process.

e Each developer selected his/her own imperative pro-
gramming language (as C and Pascal) whose code
standard had the following characteristics: each com-
piler directive, variable declaration, constant definition,
delimiter, assign sentence, as well as flow control
statement, was written in a line of code.

e The code wrote in each program was designed by the
developers to be reused in next programs.

e All programs were developed based upon the following
phases of the process: planning, algorithm design,
coding, compiling, testing, and postmortem, and from
the fourth program, two phases were added. The
development time considered for this study included

Table 1 Counting standard

Count type Type
Physical/logical Physical
Statement type Included
Executable Yes

Non-executable

Declarations and Yes (one by text line)
Compiler directives Yes (one by text line)
Comments and Blank lines No

Delimiters

{and} or begin and end Yes

only the following phases: algorithm design, design
review, coding, code review, compiling, and testing.

e The kind of the developed programs had a similar
complexity of those suggested in [17]. From a set of 18
small programs, a subset of seven was randomly
assigned to each of the all programmers. A brief
description of these 18 programs is the following:

Estimating the mean of a sample of n real numbers.
Estimating the standard deviation of a sample of n
real numbers.
3. Matrix addition integrated by real numbers.
4. Summing the diagonal of a real numbers square
matrix.
5. Translating from a quantity to letters.
6. Calculating the correlation (r) between two series of
real numbers.
7. Computing the linear regression equation parameters
a and b (y = a+bX).
8. Calculating z-values from a sample of real numbers.
9. Calculating the size of a sample.

10. Calculating the y-values from a sample of real
numbers using the normal distribution equation.

11. Calculating the estimation standard error (from
y = a+bX).

12.  Calculating the coefficient of determination () from
a linear regression equation.

13. Calculating both upper and lower limits from a
sample of real numbers based upon its standard
deviation and average.

14. Calculating the coefficient of variation from a
distribution.

15. Estimating the values based upon statistical empirical
rule.

16. Counting the physical lines of code of a program
omitting comments and blank lines.

17. Both storing and searching records from a file.

18. Both deleting and modifying records from a file.

[N

3 Conducting the experiment

The number of programs developed by the 53 programmers
was 371. One hundred and fifty-nine of the 371 were
excluded because they corresponded to the first, second, or
third program. From those 212 programs, in 175 of them,
lines of code were reused. In addition, 12 programs of
those 175 were excluded because they presented errors in
their time recording. Hence, 163 was the final number that
represents the sample for verifying the three models. In
Appendices 1 and 3, actual data and names by developer
are depicted, respectively.
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Table 2 Multiple linear regression analysis

Source Sum of squares  Degrees of freedom  Mean square  F ratio p Value Parameter Estimated ¢ Statistic  p Value
(a) ANOVA (b) Parameters
Model 132376.0 2 66187.8 106.73  0.000 Constant 44.7136 11.0923 0.0000
Residual 99220.7 160 620.129 N&C 1.08075 14.5973 0.0000
Total 231596.0 162 Reused —0.14543  —2.28037  0.0239
3.1 Regression model 200 1 . .
[ ]
150 .. L . . .. °
The following multiple linear regression equation consid- "g .o ey !"o e °
. O i o
ering new and changed (N&C) as well as reused code was i 100 .."” ‘:.‘.“ o o
. L[]
generated from Appendix 1: 50 - ﬁfg o0 ® °
Effort = 44.7136 + (1.08075 x N&C) 0 . . )
0 50 100 150

— (0.1454 x Reused)

In accordance with [17], a ”>05 (coefficient of
determination) is an acceptable value for predicting. In this
case, the r* of this equation was 0.57. ANOVA for this
equation (Table 2a) shows a statistically significant
relationship between the variables at the 99% confidence level.

However, an ANOVA was not sufficient. To determine
whether the model could be simplified a parameters anal-
ysis of the multiple linear regression was done. Table 2b
depicts the results for this analysis, and the highest p-value
on the independent variables is 0.0239, belonging to reused
code. Since this p-value is less than 0.05, reused code is
statistically significant at the 95% confidence level. Con-
sequently, the independent variable of reused code was not
removed. Hence, this variable will have to be considered
for its evaluation in the GRNN as well as in the fuzzy logic
model.

3.2 Fuzzy rules

The term “fuzzy identification” usually refers to the
techniques and algorithms for constructing fuzzy models
from data. There are two main approaches for obtaining a
fuzzy model from data [48]:

1. The expert knowledge is translated in a verbal form
into a set of if—then rules. A certain model structure
can be created, and parameters of this structure, such
as membership functions and weights of rules, can be
tuned using input and output data.

2. No prior knowledge about the system under study is
initially used to formulate the rules, and a fuzzy model
is constructed from data based on a certain algorithm.
It is expected that extracted rules and membership
functions can explain the system behavior. An expert
can modify the rules or supply new ones based upon
his or her own experience. The expert tuning is
optional in this approach.

@ Springer
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Fig. 2 Effort-N&C scatter plot (r = 0.74)

This paper is based upon the first approach. The fuzzy
rules were formulated as follows:

1. Correlation analysis between N&C and effort. Figure 2
shows that the higher the value of N&C, the higher is the
effort. Correlation value (r) is 0.74. From this correla-
tion pattern, the following rules can be formulated.

Rule 1: If (New&Changed is Small), then Effort is
Low
Rule 2: If (New&Changed is Big), then Effort is
High

2. Correlation between reused code and effort from
Appendix 1 having the table ordered by N&C. Data
of N&C, reused code, and effort from Appendix 1
were put in ascending order (having N&C as first
criterion for ordering it). Then, the data of this table
were divided in two subsamples A and B. A incorpo-
rated by the N&C smaller programs, and B incorpo-
rated by the bigger ones. Then, reused code and effort
from subsamples A and B (first 81 programs and last 82
programs, respectively) were correlated with effort.
Figure 3a, b depicts these two scatter plots. Figure 3a
shows that if reused code is small or big, the effort
tends to be low in relation to programs of Fig. 3b,
while in Fig. 3b it can be seen that if reused code is
small or big, the effort tends to be higher in relation to
programs of Fig. 3a.

Hence, rules 1 and 2 can be completed as follows:

Rule 1: If (New&Changed is Small) and (Reused is
Small or Reused is Big), then Effort is Low

Rule 2: If (New&Changed is Big) and (Reused is Small
or Reused is Big), then Effort is High
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Subsample A (81 programs with smaller N&C)
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Fig. 3 Effort-Reused code scatter plots

Implementing a fuzzy system requires that the different
categories of the different inputs be represented by fuzzy
sets, which in turn is represented by membership functions
(MF) [1]. The MF type considered in this experiment was
triangular because it has demonstrated better accuracy than
others like Gaussian and trapezoidal types [48].

A triangular MF is a three-point (parameters) function,
defined by minimum (@), maximum (c), and modal ()
values, that is, MF(a, m, ¢) where a < m< c. Their scalar
parameters (a, m, c) are defined as follows:

MF(x) =0
ifx<a

MF(x) = 1

ifx=m

MF(x) =0
ifx>c

The values of MF parameters by fuzzy model were then
defined. From values close or equal to both minimum and
maximum of both program code sizes and efforts, the
parameters were iteratively adjusted until obtaining the
best (smallest) MMER possible. Table 3 shows the final
values of the model parameters.

4 Analysis
4.1 Model adequacy checking (model verification)
Multiple linear regression equation (depicted in Sect. 3.1),

the fuzzy logic model (depicted in Sect. 3.2), and regres-
sion neural network (depicted in Sect. 1.2) were applied to

Table 3 Parameters of the fuzzy model membership functions

Type of variable Variable MF Parameters
A m b

Input N&C Small 1 1 51
Big 1 150 150
Reused Small 1 9 132
Big 17 50 150
Output Effort Low 1 1 51
High 26 191 200

Table 4 MER ANOVA (verification of models)

Source Sum of  Degrees of Mean  Fratio p Value
squares  freedom square

Between groups  0.08808 2 0.04404 1.29 0.2760

Within groups  16.5851 486 0.03412

Total 16.6732 488

original data set, and the MER by program as well as the
MMER by technique (model) was then calculated (see
Appendix 1). The MMER results by technique were the
following: multiple linear regression = 0.27, general
regression neural network = 0.24, and fuzzy logic
model = 0.25.

The ANOVA for MER of the programs (Table 4) shows
that there is not a statistically significant difference among
the accuracy of prediction for the three techniques at the
95.0% confidence level. This result can graphically be
interpreted based upon the means plot of Fig. 4b. In
addition, in accordance with Shapiro-Wilks test, a normal
probability plot of the residuals should be roughly linear as
it is shown in Fig. 4a.

In accordance with MSE criterion, ANOVA for models
showed a p-value of 0.005, that is, there was a statistically
significant difference among the MSE of models at the
95.0% confidence level. Means plot of Fig. 5 shows that the
GRNN (having the lower MMER) has difference with FLM,
whereas the GRNN does not have difference with MLR.

4.2 Model validation

Other group integrated by thirty programmers developed
210 programs. Ninety of the 210 were not considered
because they corresponded to the first, second, or third
program. Eighty of those 120 programs correspond to the
sample size for validating the models (once that only
programs reusing code were selected, and once programs
having errors in their time recording were excluded). In
Appendix 2, actual data by developer are depicted.

The three models for estimating the effort were applied
using the data depicted in Appendix 2, the MMER results by
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Fig. 4 Plots of MER ANOVA Normality Means
(verification stage) Normal Probability Plot for MER Means and 95.0 Percent LSD Intervals
EYI () 03F :
e i 0.28
o 9 . “or 7
g 80 1 g8
£ 50 4 =026 .
2 20 i
& 5 ] 0.24 1
1 N
0.1k . 022k i
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Means and 95.0 Percent LSD Intervals
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340 3
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Technique

Fig. 5 Plot of MSE ANOVA (verification stage)

technique were the following: multiple linear regres-
sion = 0.29, general regression neural network = 0.31,
and fuzzy logic model = 0.31. In accordance with the
ANOVA for MMER models (Table 5), there is not a sta-
tistically significant difference among the accuracy of pre-
diction for the three models at the 95.0% confidence level
(Fig. 6b). Figure 6a shows that residuals related to nor-
mality data of this ANOVA are met (Shapiro—Wilks test).

MSE ANOVA for models showed a p-value of 0.8627,
that is, there was not a statistically significant difference
among the MSE of FLN, GRNN, and MLR models at the
95.0% confidence level.

5 Discussion

This study is related to software engineering education and
training (SEET). Discipline about the process for software
organizations is one of the SEET goals. In accordance with
[43], the performance of a development organization is
determined by the performance of its engineering teams;

Table 5 MER ANOVA (validation of models)

Source Sum of Degrees of Mean F ratio p Value
squares  freedom square

Between groups 0.02177 2 0.01088 0.29 0.7460

Within groups ~ 8.79456 237 0.03710

Total 8.8163 239
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and the performance of an engineering team is determined
by the performance of the team members; and the perfor-
mance of the engineers is, at least in part, determined by
the practices these engineers follow in doing their work.
This assertion is also supported by [17], in the sense of that
unless software developers have the capabilities provided
by personal training, they cannot properly support their
teams or consistently and reliably produce quality products.
One of those practices is the software development effort
prediction that can be started at individual level developing
components that could be integrated when large systems
are built. Effort prediction is one of the three main prac-
tices used for training developers at personal level (the
other two are related to software defects and software size
[43]). Prediction techniques at personal level that have
been applied are related to expert judgment, statistical
regression, and fuzzy logic, and the discipline of using
these techniques has even been scaled to developing large
systems. Because no single technique is best for all situa-
tions and a careful comparison of the results of several
approaches is most likely to produce realistic estimates [3],
this paper applied an additional one: a GRNN. Neural
networks have already been applied for predicting effort
too [12, 13, 15, 40]; however, neither of them has been a
GRNN. Results of this paper could encourage researchers
to analyze the prediction accuracy when a GRNN is
applied for predicting effort not only of developed software
components at individual level, but of large systems built
by teams of developers. In addition, models of this research
used two measures of software size, whereas future
research could involve the GRNN application involving
more independent variables related to large systems (as
those considered by statistical regression models [4]).

6 Conclusions and future research

Levels of software engineering education and training could
be classified in the small as well as in the large, this paper
focused its interests on individual training based on short-
scale programs and using PSP whose practices and methods
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Fig. 6 Plots of MER ANOVA

Normality
(validation stage)

Normal Probability Plot for MER

percentage

0 0.2
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MER

are used for delivering quality products on predictable
schedules. This paper approached its focus on the following
practice: estimation and prediction of the software devel-
opment effort. An accuracy comparison among a multiple
linear regression (MLR), a general regression neural net-
work (GRNN), and a fuzzy logic model (FLM) was depic-
ted. In this research, a total of 163 programs were developed
by a group of 53 programmers. Using the data gathered (two
types of lines of code as well as effort) from these programs,
three models were applied for estimating the effort. Then,
models were validated with data gathered of eighty pro-
grams developed by other group of thirty developers. All
programs were developed with personal practices from PSP.
In verification and validation stages, results from the two
machine learning techniques were compared with those of a
multiple linear regression. This comparison was based on
MER as well as on MSE. In validation stage, the GRNN had
a same statistically significant difference than FLM and
MLR. These results allow accepting the following hypoth-
esis: in linear case, neural network is statistically equal to
those obtained by a fuzzy logic model as well as by multiple
linear regression, which suggests that a general regression
neural network could be used for predicting the development

0.6
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effort when new and change code and reused code obtained
from short-scale programs developed with personal prac-
tices are used as independent variables.

Future research involves the predictive accuracy com-
parison applying a GRNN for data from large systems built
by teams of developers. Moreover, using classifiers and
associative memories based on datasets from individual as
well as from team projects.
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Appendix 1

Actual data by developer from design to testing phases for
generating and verifying the models: P: Number of program,
DP: Developer (see Appendix 3), N&C: New and Changed
code, R: Reused code, AE: Actual Effort (minutes), MER:
Magnitude of Error Relative to the estimate, MLR: Multiple
Linear Regression, GRNN: General regression neural net-
work; FLM: Fuzzy Logic Model (Table 6).

Table 6
P DP N&C R AE MER P DP N&C R AE MER P DP N&C R AE MER

MLR GRNN FLM MLR GRNN FLM MLR GRNN FLM
1 Cl1 22 84 82 046 041 025 56 P10 60 51 58 043 035 0.06 111 P28 19 28 72 0.18 0.27 0.19
2 C2 17 77 56 0.08 0.03 0.19 57 P10 45 18 145 060 040 0.74 112 P28 17 14 68 0.11 0.15 0.23
3 C2 17 89 63 0.26 0.19 0.35 58 P10 81 65 59 052 0.37 0.51 113 P28 15 26 46 020 0.17 0.34
4 C3 33 64 70 0.02 0.06 0.08 59 P11 50 24 83 0.13 0.26 0.02 114 P29 15 14 63 0.07 0.09 0.18
5 C3 58 21 99 0.05 0.18 0.05 60 P11 91 143 93 0.24 0.00 0.30 115 P29 24 10 113 0.63 0.73 0.27
6 C3 35 63 100 0.36 0.34 032 61 P12 36 24 100 0.25 0.27 0.28 116 P29 26 5 60 0.17 0.11 0.31
7 C4 75 23 124 0.01 0.02 0.10 62 PI2 17 21 65 0.08 0.13 0.39 117 P29 16 14 40 033 032 0.59
8 C4 32 17 92 020 0.22 0.16 63 P12 42 111 100 0.35 0.08 0.16 118 P30 27 30 43 038 031 0.27
9 C4 20 40 59 0.02 0.06 0.01 64 P13 75 30 104 0.14 0.19 0.08 119 P30 25 33 45 033 025 0.15
10 C5 15 50 58 0.08 0.07 024 65 P14 38l 32 155 021 0.18 0.28 120 P30 30 18 64 0.14 0.11 0.56
11 C6 13 32 33 039 038 029 66 P14 119 100 168 0.06 0.04 0.16 121 P30 11 45 45 0.10 0.11 0.35
12 C6 30 25 92 025 036 020 67 PI5 103 8 171 0.10 0.07 022 122 P31 40 10 120 0.39 0.30 0.01

@ Springer



398 Neural Comput & Applic (2011) 20:389—-401

Table 6 continued

P DP N&C R AE MER P DP N&C R AE MER P DP N&C R AE MER
MLR GRNN FLM MLR GRNN FLM MLR GRNN FLM

13 C7 10 73 48 0.07 0.11 0.05 68 P15 97 30 131 0.10 0.05 0.04 123 P31 39 15 135 0.59 050  0.35
14 C7 12 69 45 0.06 020 0.02 69 Pl6 37 21 123 051 047 055 124 P31 40 12 131 052 042 0.19
15 C8 20 75 72 030 0.18 024 70 P16 16 12 64 0.06 0.09 037 125 P31 15 33 90 0.60 0.67 042
16 C8 21 115 72 042 0.04 003 71 P16 49 18 159 0.67 042 086 126 P32 19 58 113 099 0.81 0.45

17 C9 34 10 95 0.19 0.19 018 72 Pl6 123 46 195 0.14 0.00 034 127 P32 31 22 88 0.17 024  0.60
18 C9 137 12 155 0.19 0.00 0.07 73 P17 41 35 121 044 048 0.63 128 P32 13 53 83 0.63 053 0.15
19 C10 22 68 85 045 027 030 74 P17 81 69 129 0.06 034 0.07 129 Ul 92 7 177 024 0.19 0.38
20 C10 111 20 135 0.17 0.06 0.06 75 P18 29 63 98 047 032 031 130 Ul 27 8§ 72 001 0.05 0.18
21 C10 87 12 125 0.09 0.11 0.02 76 P18 63 150 113 0.24 0.02 0.09 131 U2 13 20 49 0.12 0.12  0.02
22 C10 28 68 95 046 032 024 77 P19 75 46 115 0.03 0.06 004 132 U2 86 4 121 0.12 0.14 1.13

23 P1 17 28 65 0.10 0.17 039 78 P19 44 5 97 0.06 0.01 0.15 133 U3 35 20 48 040 040 046
24 P1 22 27 84 030 043 028 79 P19 100 17 153 0.02 0.02 0.11 134 U3 30 25 40 046 041 0.66
25 P1 30 17 71 0.05 0.01 0.09 80 P19 121 111 144 0.10 0.05 0.01 135 U3 28 27 41 042 036 0.13
26 P1 13 37 53 001 0.02 0.14 8l P20 79 43 133 0.07 0.04 006 136 U3 30 10 59 022 0.19 0.60
27 P2 47 42 127 042 037 080 82 P20 84 119 78 034 0.00 037 137 U4 20 77 27 051 0.55 0.79
28 P2 47 59 90 004 0.12 021 83 P21 18 44 32 045 041 032 138 U4 38 67 37 051 049 093
29 P2 17 9% 32 035 030 031 84 P21 15 38 30 046 043 036 139 U4 20 98 22 0.58 0.55 0.33
30 P3 34 78 43 039 032 047 85 P21 20 16 19 0.70 0.69 0.67 140 U5 64 139 107 0.14 0.01 0.05
31 P3 35 38 52 032 025 026 86 P21 37 12 50 040 042 038 141 U5 30 134 68 0.18 0.04 0.06
32 P3 54 52 56 041 035 013 87 P22 20 35 65 006 0.16 0.12 142 U5 40 129 75 0.08 0.01 0.05
33 P3 50 80 52 040 0.05 041 88 P22 29 8 49 035 032 037 143 U5 70 113 77 026 0.01 0.39
34 P4 11 33 44 0.15 0.16 0.04 89 P22 22 9 42 037 034 036 144 U6 22 25 40 038 033 048
35 P4 25 8§ 50 029 025 031 9 P22 12 27 57 006 0.06 024 145 U6 25 45 54 0.17 0.09 046
36 P4 14 27 32 043 041 031 91 P23 24 38 39 040 033 043 146 U6 31 68 68 0.00 0.07 0.25
37 PS5 31 33 61 017 0.06 0.16 92 P23 15 44 41 025 022 0.12 147 U7 26 28 47 032 024 0.54
38 P5 12 25 38 030 030 018 93 P23 22 23 39 040 035 040 148 U7 15 38 41 026 023 0.54
39 PS5 23 22 54 019 0.2 021 94 P23 21 36 32 049 043 049 149 U7 17 23 43 028 024 0.63
40 P5 10 42 35 029 030 023 95 P24 19 47 55 0.06 0.01 0.03 150 U7 14 36 41 025 022 0.01
41 P6 19 56 59 003 0.03 0.11 96 P24 31 49 54 024 0.17 002 151 U8 52 15 114 0.15 0.02 031
42 P6 26 40 102 0.52 0.71 052 97 P24 27 12 55 024 020 027 152 U8 19 19 91 046 054 0.27
43 P6 23 11 71 0.04 0.11 0.04 98 P24 21 31 43 032 0.25 031 153 U8 39 4 91 005 0.03 029
44 P6 11 33 74 043 042 061 99 P25 37 46 50 036 029 0.18 154 U8 39 12 91 0.07 0.01 0.39
45 P7 11 42 23 054 054 050 100 P25 54 42 100 0.03 0.00 030 155 U9 47 60 67 023 0.16 0.12
46 P7 15 8 42 030 029 0.10 101 P25 15 33 38 032 029 0.06 156 U9 52 55 124 033 046 0.14
47 P71 23 33 51 021 0.2 025 102 P26 14 64 57 0.13 0.04 074 157 UI0 11 45 37 026 027 037
48 P8 26 34 91 034 0.51 027 103 P26 19 48 71 022 027 051 158 U0 29 14 65 0.12 0.09 0.12
49 P8 17 41 93 0.63 0.73 098 104 P26 30 39 81 0.13 029 0.02 159 UI0 13 55 51 0.00 0.08 0.08
50 P8 19 23 66 007 0.14 024 105 P26 14 67 34 032 042 030 160 UIl 33 105 145 123 036 0.12
51 P8 13 34 62 015 0.17 034 106 P27 24 36 92 041 057 028 161 Ull 65 39 160 046 032 0.29
52 P9 11 57 34 030 038 026 107 P27 60 16 156 045 0.25 039 162 U1l 45 14 80 0.12 023 0.71
53 P9 12 52 62 024 0.17 034 108 P27 29 22 98 035 044 0.16 163 Ull 54 18 135 034 0.14 0.11
54 P9 12 40 39 025 024 015 109 P27 10 49 39 0.19 023  0.08

55 P9 10 46 30 039 040 034 110 P28 17 37 73 027 035 0.28 MMER 027 024 025

Appendix 2 code, R: Reused code, AE: Actual Effort (minutes),

MER: Magnitude of Error Relative to the estimate,
Actual data by developer from design to testing phases =~ MLR: Multiple Linear Regression, GRNN: General
for validating the models: P: Number of program, DP:  regression neural network; FLM: Fuzzy Logic Model
Developer (Appendix 3), N&C: New and Changed  (Table 7).
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Table 7
P DP N&C R AE MER P DP N&C R AE MER P DP N&C R AE MER

MLR GRNN FLM MLR GRNN FLM MLR GRNN FLM
1 M1 23 38 54 0.16 0.06 0.26 28 MI12 43 17 89 0.00 0.10 0.19 55 M21 70 32 70 040 045 0.46
2 Ml 41 12 71 0.19 0.25 033 29 MI12 25 30 71 0.05 0.18 0.08 56 UMl 80 47 168 0.35 0.36 0.28
3 M2 76 1 74 042 044 026 30 MI12 48 13 58 039 047 0.52 57 UMl 39 37 117 044 0.53 0.14
4 M3 19 70 35 036 044 047 31 MI13 40 29 79 0.06 0.06 024 58 UMl 97 12 33 0.78 0.78 0.75
5 M3 66 21 84 0.26 0.33 035 32 MI3 30 22 84 0.14 0.21 0.02 59 UM2 117 63 202 0.25 0.04 0.48
6 M4 23 52 50 0.19 0.18 032 33 MI3 19 40 68 0.14 0.24 0.03 60 UM2 96 35 107 0.25 0.21 0.20
7 M4 35 27 69 0.12 0.07 0.27 34 M13 64 8 53 053 059 0.59 61 UM3 99 54 83 042 0.26 0.38
8 M4 16 51 84 054 0.52 041 35 M14 71 37 74 036 042 043 62 UM3 94 36 63 0.55 053 0.53
9 M5 22 57 61 0.01 0.06 0.15 36 M14 31 40 122 0.69 091 039 63 UM3 143 15 40 0.80 0.74 0.71
10 M5 13 52 67 031 0.25 026 37 M14 71 16 77 035 0.40 041 64 UM4 98 70 100 0.29 0.03 0.26
11 M5 40 46 61 0.25 0.20 042 38 MI15 104 29 85 044 0.39 037 65 UM4 32 54 59 0.17 0.15 0.34
12 M6 12 22 53 0.03 0.03 0.04 39 MI5 36 59 85 0.13 0.13 0.12 66 UMS 81 68 115 0.06 0.21 0.12
13 M6 23 9 38 044 041 048 40 Ml16 55 34 116 0.17 0.04 0.08 67 UM5 70 27 97 0.17 0.23 0.25
14 M6 25 10 45 036 0.32 042 41 Ml6 86 18 87 0.36 0.36 034 68 UM6 70 52 130 0.15 0.26 0.01
15 M7 41 21 111 0.29 0.19 0.04 42 M17 64 23 90 0.19 0.27 030 69 UM6 52 24 112 0.15 0.02 0.11
16 M8 30 31 106 0.46 0.64 023 43 MI18 78 52 115 0.05 0.02 0.12 70 UM6 77 31 57 0.54 0.56 0.56
17 M8 65 6 132 0.16 0.02 0.03 44 MI18 52 59 111 020 0.34 0.11 71 UM7 71 79 152 0.38 0.53 0.17
18 M8 64 33 110 0.01 0.11 0.14 45 M18 98 30 107 027 0.22 020 72 UM7 82 16 66 0.50 0.50 0.50
19 M9 48 100 70 0.15 0.34 042 46 M19 50 12 67 031 040 046 73 UM8 39 75 74 0.03 0.16 0.28
20 M9 67 35 144 0.29 0.14 0.12 47 M19 15 18 83 042 045 0.44 74 UM8 46 8 41 0.56 0.60 0.65
21 M9 45 60 88 0.04 0.12 0.23 48 M19 40 30 106 0.27 0.28 0.02 75 UM8 12 51 51 0.01 0.03 0.00
22 MI10 27 15 60 0.16 0.2 026 49 MI9 57 15 56 046 054 056 76 UMS 38 40 45 044 039 0.5
23 MI0 40 5 59 032 035 043 50 M20 57 17 53 049 057 058 77 UM9 42 52 85 0.03 008 021
24 MIO 18 32 42 029 024 034 51 M20 22 19 63 0.04 003 0.2 78 UM9 24 48 81 027 037 0.08
25 M11 39 18 60 0.29 0.33 041 52 M20 60 24 44 059 0.64 0.65 79 UM9 38 63 97 027 0.30 0.04
26 Ml11 82 12 85 035 0.37 035 53 M20 47 13 59 037 045 0.50 80 UM9 58 64 118 0.20 0.46 0.07
27 M12 50 13 51 047 0.55 059 54 M21 54 18 57 043 0.52 0.55

MMER 0.29 0.31 0.31

Appendix 3 Viramontes C. A., P11: Cordero B. D., P12: Davis A. R.,

Names of developers from Federal Commission of Elec-
tricity (Cn) at Guadalajara, Jalisco (Director email:
omar.delacruz@cfe.gob.mx); CINVESTAV (Pn) at Guad-
alajara, Jalisco (Director email: jesus.vazquez@cts-
design.com); Universidad del Valle de Atemajac (Un) at
Guadalajara, Jalisco (Director email: elena.gonzalez@
univa.mx); Guadalajara University (Mn) at Jalisco
(Director email: leonardo.soto@cucea.udg.mx); Universi-
dad del Valle de Atemajac (UMn) at Leon, Guanajuato
(Director email: luis.garcia@univa.mx).

Verification stage: Cl: Barraza A. 1., C2: De la Cruz
P. O., C3: Flores G. C., C4: Galindo G. R., C5: Garcia R. M.,
C6: Guerra M. A., C7: Guzman M. A., C8: Hernandez
H. P., C9: Hernandez R. A., C10: Partida M. L., P1: Alegria
B. J., P2: Escamilla R. J., P3: Gutierrez R. F., P4:
Montesinos S. J., P5: Morales L. D., P6: Plascencia S. J.,
P7: Reynoso R. R., P8: Rivera V. B., P9: Vega B. F., P10:

P13: Diaz 1. M. J., P14: Dominguez Z. S., P15: Duarte
L. M., P16: Jiménez G. N., P17: Montero S.A., P18:
Martinez S. N., P19: Rocha H. J., P20: Vega A. C., P21:
Gonzalez C. D., P22: Gutiérrez R. L., P23: Muiieton P. O.,
P24: Plata V. P., P25: Tapia G. S., P26: Aguirre Z. M., P27:
Calvillo C. C., P28: Gallegos R. L., P29: Hernandez O. O.,
P30: Meza A. E., P31: Ramos C. L., P32: Sapiens P. J.,
Ul: Gutiérrez H. A., U2: Tamayo E., U3: Ayala A. C,,
U4: Gonzalez Q. R., US5: Navarro N. S., U6: Rivera P. E.,
U7: Zavala G. H., U8: Cardosa M. T., U9: Cortés F. G.,
U10: Lugo R. J.,, Ull: Martinez G. O.

Validation stage: M1: Cabral J.J., M2: Dueiias del Toro
H. O., M3: Gonzilez P.J.J., M4: Herrera B. K., M5: Lopez
F. A. D., M6: Maciel A. L. A., M7: Moreno G. M., M8:
Ramos C. S., M9: Vallejo M. E., M10: Villegas R. M.,
MI11: Carrillo D. 1., M12: Castro T. M., M13: Estrada
V. L., M14: Garcia V. L., M15: Herrera 1. J., M16:
Mercado G. S., M17: Penalba V. A., M18: Ramirez L. E.,
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M19: Robledo H. A., M20: Torres A. U., M21: Torres E.
A., UMI1: Castillo O. R., UM2: Cedillo B. F., UM3: Cruz
G. A., UM4: Martinez P. R.,UMS5: Padilla H. B., UM6:
Palomares A. L., UM7: Ramirez R. M., UMS8: Rodriguez
S. J., UMO: Zupiga A. V.
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