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ABSTRACT

The problem of early estimating the number of lines of code of the latest releases of software, including open-source
applications, is important because it directly affects the effort prediction for their development and subsequent improvement. The
research aim is to build several regression models for early estimating the number of lines of code of the latest releases of open-
source applications. The research object is the process of early estimating the number of lines of code of the latest releases of open-
source applications. The research subject is the regression models for early estimating the number of lines of code of the latest
releases of open-source applications. For early estimating the number of lines of code of the latest releases of open-source
applications, the models, confidence, and prediction intervals of two nonlinear regressions with two predictors were constructed
using the Box-Cox three-variate normalizing transformation and specialized techniques. These techniques, relying on multiple
nonlinear regression analyses incorporating the use of multivariate normalizing transformations, account for the presence of outliers
in multidimensional non-Gaussian data. In the paper, we built two nonlinear regression models for early estimating the number of
lines of code of the latest releases of open-source applications that depend on two predictors: both the number of classes of their
latest and first releases. The first model has good quality, but the second one can only be used for estimating the conditional mean,
and it has poor quality for predicting the response as the dependent random variable. We have compared the quality of two
constructed regression models and two linear support vector regressions. The quality of the above models is similar. An analysis has
been carried out to compare the constructed models with nonlinear regression models that only depend on the number of classes for
their current releases, which were built based on the Box-Cox bivariate transformation. Compared to such nonlinear regression
models, the constructed models demonstrate a larger multiple coefficient of determination, a smaller value of the mean magnitude of
relative error, a larger percentage of predictions that fall within 25 percent of the actual values, and narrower confidence and
prediction intervals. The comparison results indicate better quality of the constructed models with two predictors. The prospects for
further research may include the use of other data sets to construct the nonlinear regression models for early estimating the number of
lines of code of the latest releases of open-source applications, for other restrictions on predictors.
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INTRODUCTION Although a large number of various mathematical
models have already been proposed for early
estimation of the NLOC of software apps, they do
not allow for the app release to be taken into
account. In addition, the existing models take into
account only the metrics of the current app release.
And as studies [7], [8] show, various software
metrics, including the NLOC, also depend on the
release of the app. This requires the construction of
mathematical models for estimating the NLOC of

Recently, more and more attention has been
paid to the development and improvement of open-
source software [1], [2], [3]. Therefore, the task of
early estimation of the number of lines of code
(NLOC) of different releases of open-source
applications (apps) is important, as it directly affects
the prediction of efforts for their development and
subsequent modification [4], [5], [6].

different releases of open-source software apps,
including the latest releases that depend on the
software metrics of their latest and previous releases.
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LITERATURE REVIEW AND PROBLEM
STATEMENT

Nowadays, despite the availability of a fairly
large number of methods and models for estimating
the NLOC of software at the early stage of
development, increasing the accuracy of the NLOC
estimation remains a pressing task [9], [10]. At the
same time, various approaches are used for the
corresponding estimation, which are usually based
on metrics that can be defined before coding using
either a conceptual data model [11], a use case
diagram [12], a sequence model [13], or a class
diagram [14], [15], [16], [17], [18].

Despite the widespread use of machine learning
(ML) [19], [20], [21], [22], both linear [17], [23],
[24] and nonlinear [25], [26], [27], [28], [29]
regression analysis methods continue to be used for
appropriate estimation. In [17], the authors
constructed early software size estimation models
based on four analysis-to-design adjustment factors
(ADAF)-adjusted analysis class diagram metrics
(i.e., ADAF-adjusted number of classes, ADAF-
adjusted number of attributes, ADAF-adjusted
number of methods, and ADAF-adjusted number of
relationships) using stepwise multiple linear
regression. Furthermore, in [17], the prediction
accuracy of the best-performing proposed model is
also compared with the model based on objective
class points. According to [17], "The results of this
comparison reveal that the proposed method reduces
errors significantly (i.e., on average, 16% reduction
in mean absolute residual and 24% reduction in
mean squared error)". However, the use of linear
regression models demands executing the
assumption of the error distribution normality that is
validated in particular cases [25]. This and other
assumptions lead to the need to apply nonlinear
regression models.

In [25], the authors applied their proposed
technique to construct a nonlinear regression model
for estimating the NLOC of open source PHP-based
apps depending on three predictors: the number of
classes, the average number of methods per class,
and the sum of average afferent coupling and
average efferent coupling per class. This model was
built by the Johnson four-variate transformation for
the Sg family. The above model demonstrates good
prediction results since the values of the multiple
coefficient of determination R?, a mean magnitude of
relative error MMRE, and prediction percentage at
the level of magnitude of relative error of 0.25,
PRED(0.25), are respectively 0.9812, 0.1753, and
0.750 for it. In [16] and [26], the authors constructed
three nonlinear regression models for estimating the

NLOC of open source Web apps created using the
Codelgniter and CakePHP frameworks, respectively,
that depend on three predictors, the first two of
which are the same as in [25], and an average of the
Depth of Inheritance Tree (DIT) per class was
chosen as the third predictor. These models from
[16] were built based on the four-variate Box-Cox
transformation, the decimal logarithm, and the
univariate Box-Cox transformation, respectively.
Although all three models have good values of
quality indicators R?, MMRE, and PRED(0.25), the
models based on the four-variate Box-Cox
transformation demonstrate the best results. Note,
values of all predictors for the models from [16],
[25], and [26] can be calculated from the class
diagram.

In [27], the authors constructed a three-factor
nonlinear regression model for estimating the KLOC
(Kilo Lines Of Code) of open source Java-based
apps by the decimal logarithm, like the model from
[16], with the difference that instead of an average
number of methods per class and DIT, “the total
guantity of visible methods (VMQ)” and “average
quantity of fields per class (aTFQ)” were used as
factors. Even though the model from [27] has good
values of R?, MMRE, and, PRED(0.25), the use of
the total visible methods quantity as a factor will
lead to the problem of calculating the value of this
metric from the class diagram because the accuracy
of such calculations depends on the level of detail of
the diagram itself (whether it is a conceptual
diagram or a specification-level diagram).

In [28], like [25], the authors proposed to apply
the Johnson multivariate transformation for the Sg
family for building the three-factor nonlinear
regression model for early estimation of KLOC in
Java software. The model from [28] depends on
“total quantity of classes (CLASS), total quantity of
responses for class (RFC), and average value of
public and protected methods per class (aVMQ)”.
Although the authors [28] conclude they "obtained
the three-factor nonlinear regression model for early
estimation of KLOC in Java-software using
appropriate techniques for constructing non-linear
regression models on the basis of multivariate
normalizing Johnson Sg family transformation”, they
do not provide its final expression, as that was done
in [25].

In [29], like [16] and [26], the authors proposed
to apply the multivariate Box-Cox transformation
for building the five-factor nonlinear regression
model for early estimation of KLOC in Java apps.
The model from [29] depends on metrics “CLS,
INFC, aVMQ, aTFQ, and aCBO”. Here, according
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to [28], CLS is the total number of actual classes,
INFC is the total number of interfaces, aVMQ is
“average visual methods quantity” (as in [28]),
aTFQ is “average quantity of fields per class” (as in
[27]), and aCBO is “average CBO”. Although the
authors [28] conclude they “obtained five-factor
nonlinear regression model on the basis of
multivariate Box-Cox normalizing transformation”,
they do not provide its final expression, as that was
done, for example, in [16] and [26].

Though the above models demonstrate good
prediction results of the NLOC estimation, none of
them allow for taking into account the app release.
Although, as studies [7] and [8] show, various
software metrics, including the NLOC, also depend
on the release of the app. In addition, all existing
models depend on the project metrics of the current
app releases. And to provide an earlier estimate of
the size of the latest app release, it is desirable to
have mathematical models that depend on the
software metrics of previous releases. This requires
the construction of mathematical models, including
nonlinear regression ones, to estimate the NLOC of
different releases of open-source apps, including the
latest ones, that depend on the software metrics of
their latest and previous releases.

RESEARCH AIM AND OBJECTIVES

The research aim is to build several regression
models for early estimating the NLOC of the latest
releases of open-source apps that depend on the
software metrics of the first ones. To achieve the
above aim, the following research objectives must
be performed.

1) We need to construct regression models for
early NLOC estimation of the latest releases of
open-source apps that depend on the software
metrics of the latest and first releases.

2) We need to check the quality of the
constructed regression models for early NLOC
estimation of the latest releases of open-source apps.

3) We need to compare the quality of the
constructed models and nonlinear regression models
that only depend on the number of classes for their
current releases.

The research object is the process of early
estimating the NLOC of the latest releases of open-
source apps. The research subject is the regression
models for early NLOC estimation of the latest
releases of open-source apps.

FORMULATION OF THE PROBLEM

Suppose given the original sample as the three-
dimensional non-Gaussian data set: the NLOC of the
latest releases of open-source apps Y, the total

number of classes of open-source apps of the latest
X, and first releases X, , respectively. Suppose that
there are three-variate normalizing transformation of

a non-Gaussian random vector P ={Y,X;,X,}" toa
Gaussian random vector T=1{Z,,Z;,Z,}" is given
by

T=y(P) (1)
and the inverse transformation for (1)
P=y!(T). @)

It is required to build the nonlinear regression
models in the form Y =Y(X;,X,,¢) based on the
transformations (1) and (2). Here, Z,, Z;, and Z,
are the components of a Gaussian random vector T,
which are defined by the normalizing transformation
(1) using the variables Y, X,, and X, , respectively;
¢ is a Gaussian random variable that defines

residuals, &~N(0,0,), where o, is the standard
deviation of €.

MATERIALS AND RESEARCH METHODS

To construct nonlinear regression models for
early NLOC estimation of the latest releases of
open-source apps that depend on two predictors, we
apply the technique from [25]. This technique to
build nonlinear regression models based on
multivariate  normalizing transformations and
prediction intervals comprises six steps. The first
step involves normalizing multivariate non-Gaussian
data through transformation (1). To do this, like
[16], we apply the three-variate Box-Cox
transformation with components

{(xfl ~1)fa,, i A, #0;

n(X ), if 4,=0.

Here Z; is a Gaussian variable; A

Z =x(/1.):

] ]

3)

jlsa

parameter of the Box-Cox transformation, j=12.
The variable Z, is defined analogously (3) with the

only difference that instead of Z ir X, and A i

should be put respectively Z,, Y, and Ay .

In the second step, according to [25], we
determine whether one three-dimensional data point
of a multivariate non-Gaussian data set is a three-
dimensional outlier. If there is a three-dimensional
outlier in a three-variate non-Gaussian data set, then
we cut off the one and go to step 1, continue.
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To determine whether one data point of a three-
variate non-Gaussian data set is a three-dimensional
outlier, we use the statistical technique based on the
normalizing transformations and the squared
Mahalanobis distance (SMD) as in [25].

In the third step, we construct a linear
regression model for normalized data in the form

ZYZZY +8=b,\0+6121+6222+8. (4)

In the fourth step, according to [25], we test the
normality of the residuals distribution in (4). If the
residuals distribution in (4) is not Gaussian, then we
discard the three-variate data point for which the
modulus of the residual ¢ in the model (4) is the
maximum, and go to step 1; otherwise, continue.

According to [25], the nonlinear regression
model using the transformation (1) and (2) for the
linear regression model for normalized data (4) is
constructed in the fifth step. For the three-variate
Box-Cox transformation with components (3), the
nonlinear regression model has the form [16]

Y= [iv (ZY +8)+1 v ’ )

where 2Y is a prediction result by the linear
regression  equation  for normalized data,
ZY =Dy +b,Z; +b,Z, , which are transformed by the
three-variate  Box-Cox  transformation  with
components (3).

Finally, in the sixth step, according to [25], we
define the prediction interval of nonlinear regression
and determine whether one or more values of the
response Y (dependent random variable) are outliers
(their values are outside the prediction interval). If
there are outliers in the data for the nonlinear
regression model (5), then we discard these and go
to step 1; otherwise, we complete constructing the

nonlinear regression model. We define the
prediction interval of nonlinear regression as in [25]

W{Z} £t,,.57, {1+%+ 25 s )}sz .(6)

where tyoy is a student's t-distribution quantile with
a/2 significance level and v freedom degrees;
v=N-k-1; k is the number of independent
variables (in our case, k is 2); zy is a vector with
components  Z; -7, ..., Zy, -2Z, for i-row;
2
Z,=L37, .2 215z, -2,) . j=12..k,
Niz * Via

v=N-k-1; S, isa kxk matrix

Szz2, Szz, Sz.2,
SZ — Szlzz SZZZZ SZZZk (7)
Szlzk Szzzk Szkzk

NE oL -
In(7), S7,2, ='§i[zqi -ZJz.-z.] ar=12...k.
=

According to [25], we used the above formulas
to construct nonlinear regression models for early
NLOC estimation of the latest releases of open-
source apps that depend on two predictors.

RESEARCH RESULTS

We constructed nonlinear regression models for
early NLOC estimation of open-source apps by the
above technique from the software metrics of 40
open-source apps from [8]. We focused on the
following variables: the NLOC of the latest releases
of open-source apps Y, and the total number of
classes of open-source apps of the latest X, and first
releases X, , respectively.

We checked the three-dimensional data from
[8] for three-variate outliers. Before analyzing the
three-dimensional data from [8] for three-variate
outliers, we assessed the normality of the three-
variate data. This preliminary check was essential, as
common statistical methods, including multivariate
outlier detection based on the squared Mahalanobis
distance (SMD), are designed to identify outliers
assuming a Gaussian distribution. We applied a
multivariate normality test proposed by Mardia and
based on measures of the multivariate skewness B;
and kurtosis p,. According to this test, the
distribution of three-dimensional data from [8] is not
Gaussian since the test statistic for three-variate
skewness NB;/6, which equals 164.79, is greater
than the quantile of the Chi-Square distribution,
which is 25.19 for 10 degrees of freedom and for a
significance level of 0.005, and also the test statistic
for their three-variate kurtosis f,, which equals
39.97, is greater than the value of the Gaussian
distribution quantile, which is 19.46 for 15 mean,
3.00 variance, and 0.005 significance level.

Because, as in [25], to detect multivariate
outliers in the three-dimensional non-Gaussian data
from [8], we used the statistical technique based on
the multivariate normalizing transformations and the
SMD for normalized data. To normalize the data
from [8], the three-variate Box-Cox transformation
with components (3) was applied. The parameter
estimates of the  three-variate = Box-Cox
transformation for the data from [8] are calculated
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by the maximum likelihood method and are
Ay =0.0495399 , A, =0.0601632 , A, =0.0185304 .

Next, we assessed the normality of the three-
variate normalized data by the Mardia test.
According to this test, the distribution of three-
dimensional normalized data is approximately
Gaussian since the test statistic for their three-variate
skewness Np,;/6, which equals 20.40, is less than

the quantile of the Chi-Square distribution, which is
25.19 for 10 degrees of freedom and for a
significance level of 0.005, and also the test statistic
for their three-variate kurtosis f,, which equals

14.69, is less than the value of the Gaussian
distribution quantile, which is 19.46 for 15 mean,
3.00 variance, and 0.005 significance level.

There are no three-variate outliers among 40
rows of three-dimensional non-Gaussian data since
their SMD values for normalized data (SMD;z) do
not exceed 12.84, which is the quantile of the Chi-
Square distribution, applicable for 3 degrees of
freedom and for a significance level of 0.005.

According to [25], in the third step, we build the
linear regression model (4) for 40 rows of normalized

data from [8]. The estimates 50, 61, and 62 equal
4.39740, 1.36876, and -0.183294, respectively. The

estimate 6, of standard deviation of € is 0.7554.

In the fourth step, according to [25], we test the
normality of the residuals distribution in (4). Since the
residuals distribution in (4) is not Gaussian, we
discard the three-variate data point for which the
modulus of the residual € in the model (4) is the
maximum. This point is row 1 in Table 1. After that,
we go to step 1 for the second iteration of building the
nonlinear regression model (5). There were eight such
iterations in total and nine outliers in the process of
building the model (5), which are listed in Table 1.

Table 1. Data that were outliers in the process of
building the first model (5)

Finally, the first model in form (5) was built
based on 31 data points. The parameter estimates of
this model (model 1) are listed in Table 2.

The resulting outliers when building the first
model indicate that this model cannot describe the
data from Table 1. That is why we additionally
constructed the second model in form (5) based on
nine data points from Table 1 that were outliers in
the process of building the first model (5). There
were no outliers in the process of building the
second model in form (5). The parameter estimates
of the second model (model 2) are listed in Table 2.

Table 2. The parameter estimates of the models in

form (5)
Esti-
Model 1 | Model 2 | Model 3 | Model 4
mates
by |0.075335 | 0.21354 | 0.079335 | 0.30775
A, |0.098819 | -0.21383 | 0.102703 | 0.38009
h, |0.022159 | -0.03635 - -
by | 492759 | -85.9527 | 4.90872 | 13.3855
b, | 1.35474 | 63.2100 | 1.25144 | 3.02638
b, |-0.18422 | -16.7796 - -
6, | 04163 | 45943 | 0.4460 | 16.1373

Source: compiled by the authors

Also, the lower (LB) and upper (UB) bounds of
the prediction interval of the second nonlinear
regression are listed in Table 1. These bound values
indicate large interval widths. We also calculated the
LB and UB bounds of the prediction interval of the
first nonlinear regression, whose values indicate
significantly smaller interval widths compared to the
corresponding widths of the second regression. We
defined the prediction interval of both nonlinear
regressions using (6).

To assess the predictive accuracy of the
nonlinear regression models (5), we utilized standard

No. Y Xy | Xy LB UB metrics, namely R?2, MMRE, and PRED(0.25). The
1 25953 | 116 | 85 14902 | 100318.9 acceptable values of MMRE and PRED(0.25) are
not more than 0.25 and not less than 0.75,
2 18086 | 103 | 97 491.4 66438.7 respectively. To calculate the values of MMRE and
3 13687 | 540 | 490 | 3655.7 | 173438.9 PRED(0.25), we used well-known formulas
4 127207 | 851 | 465 | 13494.3 | 287034.2 1N
5 | 27648 | 247 | 222 | 25528 | 1213489 MMRE = 2 MRE; (8)
6 155734 | 917 | 261 | 26992.0 | 617630.1
N i ]
7 | 607 | 26 | 19 0.0 22121.9 PRED(0,25) = 1 Z{l if MRE; ;0,25 o)
8 | 30347 | 307 | 187 | 7434.4 | 202699.9 =10 otherwise
9 59569 | 620 | 534 | 4381.2 | 188687.4 In (8) and (9), MRE; is the Magnitude of
Source: compiled by the authors Relative Error for data point i
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MRE; =[{¥; ¥, )%

For the first model in form (5) with the above
parameter estimates, predicated upon the three-

of data from Table 4, and for testing the second
model, six (rows 2, 6-10).

Table 4. The test datasets

variate Box-Cox transformation applied to the No Latest/pre-vious Y N ﬁ]'\élcﬁf

dataset of the 31 apps, the computed values for R?, ' app releases Lhae 1/2

MMRE, and PRED(0.25) are listed in Table 3 and FreeMind 8.49/

indicate good model quality. For the second model 1 0.7.1/0.0.3 18988 | 199/53 3452

in form (5) with the above parameter estimates, FreeMind 9.33/

predicated upon the three-variate Box-Cox 2 | 0.9.0Betal7/0.7.1| 26792 | 577199 | 7,

transformation applied to the dataset of nine apps, TuxGuitar 3.04/

the computed values for R%, MMRE, and 3 1.3.0/1.2 91481 | 1234/736 2.32

PRED(0.25) are listed in Table 3. They indicate TuxGuitar 3.01/

. . . 4 108495| 1618/7

good model quality for only estimating the 15.2/12 08495 1618/736 | 4 g4

conditional mean and poor model quallty for 5 TuxGuitar 108495 |1618/1234 2.42/

predicting the dependent random variable. 1-5_-31 1_-t3-0 3822%/
Jedl .

Table 3. The computed values of R, MMRE, and 6 5.5.0/2.3pre2 151672 952/322 | "33y

PRED(0.25) for models 1 and 2 7 JEdit 151672 | 952/453 33.58/

. 5.5.0/2.6final 2.85

Metrics Training sets Test datasets iEdit 3303/

Model 1 | Model 2 | Model 1 | Model 2 8 5.5.0/3.0final 151672 952/282 4.90

R2 0.9541 | 0.8369 | 0.9358 | 0.3159 FreeMind 16.39/

MMRE 0.1677 0.4933 0.2301 0.6233 : 08.0/0.7.1 PSS | T 11.01

: : ' : FreeMind 16.34/

PRED | 0.7742 | 0.2222 | 0.6000 | 0.3333 100 ggyo71 | 84089 | 71899 | i)

Source: compiled by the authors

Note that the data on which we built the two
models are training sets. To avoid the problem of
overfitting models [30], the predictive accuracy of
two models in form (5) should be checked on the
test datasets, the data of which were not used to
build the above models. That we did next.

The test datasets were obtained from [7] around
the corresponding metrics of different releases of
three popular open-source apps in Java: FreeMind,
jEdit, and TuxGuitar. Table 4 contains the test
datasets.

Also in Table 4, the SMD values for normalized
data (SMDz) by the three-variate Box-Cox
transformation with parameter estimates, which
were used for constructing the first model (model 1)
and the second model (model 2), are listed. These
values indicate which data from Table 4 we can use
to test the nonlinear regression models in form (5).

Note that only those data for which the SMD;
values are less than 12.84, and the values of
predictors belong to fixed intervals, can be included
in the test data sets. Predictor 1 for the first model
must be in the interval from 8 to 4397, and for the
second model, from 26 to 917. Predictor 2 for the
first model must be in the interval from 5 to 3697,
and for the second model, from 19 to 534. Then,
taking into account the above, for testing the first
model, we can use only the first five rows (rows 1-5)

Source: compiled by the authors

For the first model in form (5), predicated upon
the three-variate Box-Cox transformation applied to
the test dataset of five apps (rows 1-5) from Table 4,
the computed values for R?, MMRE, and
PRED(0.25) are listed in Table 3. These values
indicate satisfactory model quality. Only the
PRED(0.25) value is 20 % worse than the
acceptable. For the second model in form (5),
predicated upon the three-variate Box-Cox
transformation applied to the test dataset of six rows
(rows 2, 6-10) of data from Table 4, the computed
values for R>, MMRE, and PRED(0.25) are listed in
Table 3. These values indicate satisfactory model
quality for only estimating the conditional mean and
poor model quality for predicting the response as the
dependent random variable.

We also compared the prediction results Y
using the two models for data row 2 from Table 4. In
this case, the Y values for the first and the second
models are 34332.8 and 127400.1, respectively. In
this case, the MRE values of Y for the first and the
second models are 0.395 and 1.245, respectively.
Also, we compared the confidence intervals of Y
values for data row 2 from Table 4. In this case, the

confidence intervals of Y based on the first and the
second models are from 30420.7 to 38705.7 and
from 43224.4 to 92181.1, respectively. These MRE
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values and the confidence intervals indicate a greater

accuracy of estimation of Y by the first model
compared to the second.

To compare the constructed models with a well-
known ML algorithm, we used support vector
regression (SVR) [19]. We built two linear SVRs
based on the same training sets, which were used for
constructing models 1 and 2. For two linear SVRs
(SVR 1 and SVR 2), the computed values of R?
MMRE, and PRED(0.25) are listed in Table 5.

Table 5. The computed values of R>, MMRE, and
PRED(0.25) for SVR 1 and SVR 2

) Training sets Test datasets
Metrics
SVR 1 SVR 2 SVR 1 SVR 2
R? 0.9576 0.9267 0.9486 0.8602
MMRE 0.2231 0.8525 0.2057 0.2880
PRED 0.5806 0.4444 0.6000 0.5000

Source: compiled by the authors

The values from Table 5 for SVR 1 indicate
satisfactory model quality. Only the PRED(0.25)
values are 23% and 20% worse than the acceptable
values for the training and test sets, respectively.
The comparison of model 1 and SVR 1 indicates
better quality of model 1 due to the MMRE and
PRED(0.25) values for the training set. The values
from Table 5 for SVR 2 indicate satisfactory model
quality for only estimating the conditional mean, as
for model 2.

We also built the linear SVR based on the
whole training set (40 data points) without spliting
on two clusters. For this model, the computed values
of R?, MMRE, and PRED(0.25) for the training set
are 0.8237, 0.3339, and 0.4500, respectively. For
this model, the computed values of R?>, MMRE, and
PRED(0.25) for the test set from Table 4 are 0.5122,
0.3762, and 0.3000, respectively. These values
indicate satisfactory model quality for only
estimating the conditional mean and poor model
quality for predicting the response as the dependent
random variable. In addition, in our case, these
results underline the need to split the dataset into
parts (clusters), which we have done above.

We also compared the constructed models with
two nonlinear regression models that only depend on
one predictor X;. These two nonlinear regression

models were also built in form (5) based on the same
data: 31 and 9 data rows, respectively. For the model
in form (5) with one predictor (model 3) based on 31
data rows, the computed values for R?, MMRE, and
PRED(0.25) are 0.9556, 0.1755, and 0.7097,
respectively. These values indicate satisfactory
model quality since the PRED(0.25) value is 5.4%

worse than the acceptable. Note, the above values
are worse than R?2, MMRE, and PRED(0.25) values
for the first model with two predictors based on 31
data rows (see Table 3).

For another model in form (5) with one
predictor (model 4), predicated upon the two-variate
Box-Cox transformation applied to nine data rows
from Table 1, the computed values for R, MMRE,
and PRED(0.25) are 0.7646, 0.9254, and 0.4444,
respectively. These values indicate satisfactory
model quality for only estimating the conditional
mean and poor model quality for predicting the
dependent random variable. Note, the above values
are worse than R?> and MMRE values for the first
model with two predictors based on nine data rows
(see Table 3). The parameter estimates of models 3
and 4 are listed in Table 2.

The above comparison indicates the model
quality of the models with two predictors is better
than that of the models with one predictor. In other
words, the NLOC estimation accuracy of the latest
releases of open-source apps by the models that
depend on two predictors is higher than that of the
models that only depend on one predictor X, .

DISCUSSION OF RESULTS

Utilizing the modified technique [25] based on
multivariate  normalizing transformations, we
employ the three-variate Box-Cox transformation to
construct two nonlinear regression models for the
early NLOC estimation of the latest releases of
open-source apps that depend on two predictors: the
total number of classes of open-source apps of the
latest and first releases. This technique is chosen due
to four reasons. Firstly, the three-variate distribution
of the data is not Gaussian according to the Mardia
multivariate normality test based on multivariate
skewness and kurtosis. That is why, to determine
whether a data point of a three-variate non-Gaussian
data set is a three-dimensional outlier, we use the
statistical ~ technique based on normalizing
transformations and the squared Mahalanobis
distance for the normalized data as in [25].
Secondly, the assumption of normality of the error
distribution for two linear regression models is not
validated. That leads to the need to build nonlinear
regression models. Thirdly, there are outliers due to
residuals in the process of constructing the nonlinear
regression model. And finally, in the process of
building a nonlinear regression model, outliers arise
due to the fact that the response values are outside
the prediction interval.

To detect outliers in three-variate data and
define the prediction interval of the nonlinear
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regression, we use respectively 0.005 and 0.05
significance levels as the appointed ones usually,
although these values may be discussed.

Note that in the process of building the first
model based on 40 data points, there were nine
outliers, from which the second data cluster was
formed, like [31], using which the second model was
built. There were no outliers in the process of
constructing the second model.

The advantages of the proposed models (5)
include the possibility of the early NLOC estimation
of the latest releases of open-source apps using the
values of two metrics (the total number of classes of
open-source apps of the latest and first releases). The
first metric (the total number of classes of open-
source apps of the latest release) can be measured
from the class diagram, as is usually the case for
other well-known models. But the second metric
(the total number of classes of open-source apps of
the first release) value is known as a rule. Note,
using these metrics as model predictors allows us to
take into account both the increase and decrease in
the number of classes in a new app release compared
with the previous one in the early NLOC estimate,
which cannot be done in existing models.

The disadvantages of the two proposed models
include, first of all, the fact that both models, the
first and second, are based on small data samples: 31
and 9 data points, respectively. This primarily
applies to the second model. That is why the second
model has satisfactory quality for only estimating
the conditional mean and poor model quality for
predicting the response as the dependent random
variable. We recommend using the second model
when the SMDz value for the first model parameters
is greater than 12.84. Unlike the second model, the
first model has good quality, as evidenced by the
calculated values of metrics R?>, MMRE, and
PRED(0.25).

The proposed models (5) are limited to the
early NLOC estimation of open-source apps for
which there are the following restrictions on
predictors: the interval for X; is from 8 to 4397 and
the interval for X, is from 5 to 3697 for the first
model, the interval for X; is from 26 to 917 and the
interval for X, is from 19 to 534 for the second
model. In addition, the proposed models (5),
compared to the well-known multifactor models, are
limited to the number of predictors. As we know, the
early NLOC estimates may depend on other metrics,
such as, for example, the weighted methods per class
and DIT. That is why in the future, we will need to
research the influence of other metrics on the early
NLOC estimates.

CONCLUSIONS

1. Utilizing the modified technique based on
multivariate normalizing transformations, we have
employed the three-variate Box-Cox transformation
to construct two nonlinear regression models for the
early NLOC estimation of the latest releases of
open-source apps that depend on the total number of
classes of open-source apps of the latest and first
releases, respectively. Using these metrics as model
predictors allows us to take into account both the
increase and decrease in the number of classes in a
new app release compared with the previous one in
the early NLOC estimate, which cannot be done in
existing models.

2. We have checked the quality of the
constructed regression models for early NLOC
estimation of the latest releases of open-source apps.
Unlike the second model, the first model has good
quality, as evidenced by the calculated values of
metrics R, MMRE, and PRED(0.25). The second
model has satisfactory quality for only estimating
the conditional NLOC mean and poor quality for
predicting the NLOC response as the dependent
random variable.

The width of the confidence and prediction
intervals for the first model is less than that of the
second one. That also indicates better quality of the
first model compared to the second one. We
recommend using the second model only in the case
when the SMD; value for the first model parameters
is greater than 12.84 and when the values of the
predictors are within the specified restrictions (X; is
from 26 to 917 and X; is from 19 to 534).

3. We have compared the quality of two
constructed regression models (models 1 and 2) and
two linear SVRs (SVR 1 and SVR 2) based on the
same training sets. The quality of models 1 and SVR
1 is similar, with the only difference being that
model 1 has better MMRE and PRED(0.25) values
for the training set (by 33 and 25 percent,
respectively). The quality of models 2 and SVR 2 is
similar. Both models have satisfactory quality for
only estimating the conditional NLOC mean and
poor quality for predicting the NLOC response as
the dependent random variable.

4. Also, we have checked the quality of the
constructed regression models with two predictors
and the nonlinear regression models that only
depend on the number of classes for their current
releases. The comparison of the above models
indicates that the quality of the models with two
predictors is better than that of the models with one
predictor.

ISSN 2617-4316 (Print)
ISSN 2663-7723 (Online)

Computer science and software engineering 129



Gunchenko Y. O., Meshcheryakov V. L, Prykhodko S. B., Rachinska A. L. /Applied Aspects of Information Technology
2026; Vol.9 No.1: 122-133

5. In the future, to validate strong conclusions  Also, in the future, to construct nonlinear regression
derived from data analysis based on the nonlinear models for the early NLOC estimation of the latest
regression models for the early NLOC estimation of  releases, it is planned to apply other multivariate
the latest releases, further research needs to be normalizing transformations, for example, the
carried out for other software metrics and data sets.  Johnson transformation.
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AHOTALIA

[poGremMa paHHBOrO OLIHIOBAHHS KUJTBKOCTI PSIKIB KOy OCTaHHIX peli3iB MPOrpaMHOro 3a0e3rneyeHH s, BKITIOUAl0YH 3aCTOCYHKU
3 BIZIKPUTUM KOJIOM, € BXKIMBOIO, OCKUIbKH BOHA Oe3Mocepe/IHbO BIUTUBAE HA MPOTHO3YBAHHS 3YCHITh Ul iX PO3POOKH Ta MOAAIBIIONO
BJIOCKOHAJIEHHS. MeTOr0 JI0CHiHKEeHHs € Mo0y/IoBa KiTbKOX perpeciiiHux Mojenei s paHHbOrO OL[HIOBAHHS KiJIbKOCTI PSIAKIB KOy
OCTaHHIX pei3iB MPOrpaMHHUX 3aCTOCYHKIB 3 BiAKpUTHM KOIOM. OG'€KTOM IOCIIDKEHHS € MPOIEC PAHHBOTrO OL[HIOBAHHS KiTBKOCTI
PAIKIB KOMy OCTaHHIX peli3iB MPOrpaMHHUX 3aCTOCYHKIB 3 BIIKPHTHM KOAOM. [IpeqMeroM MOCHiKeHHs € perpeciiiHi mopernmi s
PaHHBOTO OIIHIOBAaHHS KUTBKOCTI PSIKIB KOAY OCTaHHIX PENi3iB MPOrpaMHUX 3aCTOCYHKIB 3 BiAKpUTHM Komom. s paHHBOTO
OIIIHIOBAHHSI KiJIBKOCTI PSAKIB KOAY OCTaHHIX PENi3iB MPOrpaMHUX 3aCTOCYHKIB 3 BiJKPUTUM KOAOM, MOJEII, OBIpYi iHTEpBaIU Ta
iHTepBaIM TPOTHO3YBaHHS JBOX HENIHIHHMX perpeciii 3 nBOMa THpeauKTopaMu Oynu MoOyZoBaHi 3a JONOMOrOK TPUBHMIPHOTO
HOpMalTizyro4doro neperBoperHsi bokca-Kokca ta criemianizoBanux meroniB. Lli Meromy, siki cnuparoThesi HA MHOKUHHUM HEMiHIHHUH
perpeciiHuii aHaIi3, MO BKIOYa€ BUKOPUCTAHHS 0AaraTOBUMIPHHX HOPMATi3yIOUHX MEPETBOPECHb, BPAXOBYIOTh HASBHICTH BUKHIIB Y
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0araTOBUMIPHUX HETayCIBCBKMX MaHHMX. Y CTaTTi MU NOOymyBanM ABI HEJHIMHI perpeciiiHi Mopeni IS PaHHBOrO OLIHIOBaHHS
KUTBKOCTI PSZIKIB KOy OCTAHHIX PeJIi3iB MPOrpaMHHUX 3aCTOCYHKIB 3 BIKPHTHM KOJOM, SIKi 3aJIeXKaTh BiJ{ JBOX MPEIUKTOPIB: KiIBKOCTI
KJIaciB iX OCTAaHHBOIO Ta MepIIoro pemisie. [lepmra Mozmens Mae XOpomly SKiCTh, aje Apyra Moxke OyTH BHKOPHCTaHa JIMIIE JUIS
OLIIHIOBaHHS YMOBHOT'O CEPEIHBOr0, i BOHA Ma€ HU3BKY SIKICTh IS NPOTHO3YBAHHS PEAKINi SK 3aI€KHOI BHITAKOBOI BETHMINHU. MHu
TIOPIBHSUIH SIKICTH IBOX ITOOYIOBAHHUX PErPECIHHIX MOJENIeH Ta ABOX JIHIHHUX perpecii 3 olmopHIMH BEKTOpaMH. SIKiCTh BUIIIE3ralaHIX
Mozenei € noaibHoro. Byno mpoBeneHo aHaii3 Ul MOPIBHSHHS NOOYJOBaHUX MOJeNell 3 HeMHIHHAMA perpecitHiMu MOJEISIMHE, SIKi
3aJeKaTh JIMIIE Bil KUTBKOCTI KJIaciB VIS iXHIX MTOTOYHUX peli3iB, Ta MOOYIOBAaHMMH HA OCHOBI JBOBHMIpPHOTO IepeTBopeHHs bokca-
Kokca. IlopiBHAHO 3 TakMMHM HENiHIHHUMH perpeciiHIMH MOJEISIMH, ITOOYJOBaHI MOZEN JeMOHCTPYIOTh OUIHIINIA KoedilieHT
JIETepMiHaIlil, MEHIIIe 3HAYCHHSI CEPETHBOI BETMYMHU BiTHOCHOI TIOXHOKH, OUTBIINI BiZICOTOK MPOrHO3IB, 10 MOTPAILISIOTH y MEekKax 25
BIZICOTKIB BiJ] ()aKTHYHHX 3HAYCHb, Ta BY)XUi JOBIpYi IHTEpPBAIN Ta iHTEPBAJIH IPOrHO3YBAHHS. Pe3ynbrary MOpiBHSHHS BKa3ylOTh Ha
Kpamly SIKICTh IOOyZOBaHMX MoJeieil 3 JBOMa NpeAuKTopamu. [lepCHeKTHBH NOAAIBIIMX IOCTIUKEHP MOXYTh BKJIFOYATH
BHKOPHUCTAHHS IHINMX HAOOpIB JaHWX IS MMOOYIOBH HENIHIHHUX perpeciiHnx Mojenel Ul paHHBOTO OLIHIOBAaHHS KUTBKOCTI PSZIKIB
KOJy OCTaHHIX pelli3iB MPOrpaMHHUX 3aCTOCYHKIB 3 BIIKPHTHM KOZOM, VIS IHIIMX OOMEXEHb Ha TPEIUKTOPH.

KirouoBi ciioBa: perpeciiiHa Mozenb; OIHIOBaHHS, PSOKH KOAY; 3aCTOCYHOK 3 BIZKPUTHM KOJIOM; HOpMallizyloue
TIepeTBOPEHHsT; KpuTepiii Mapniil; BuKna; Bincranb MaxaiaHoOica; TECTOBa CTaTHCTHKA; PErpecisi OMOPHUX BEKTOPIB; MalIWHHE
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