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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. 

Keywords: Regression model; estimation; lines of code; open-source application; normalizing transformation; Mardia 
criterion; outlier; Mahalanobis distance; test statistic; support vector regression; machine learning 
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INTRODUCTION 

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]. 

 

© Gunchenko Y., Mescheryakov V., Prykhodko S.,  
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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 

different releases of open-source software apps, 

including the latest releases that depend on the 
software metrics of their latest and previous releases. 

This is an open access article under the CC BY license (https://creativecommons.org/licenses/by/4.0/deed.uk) 
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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 SB family. The above model demonstrates good 
prediction results since the values of the multiple 

coefficient of determination R2, 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 

CodeIgniter 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 R2, 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 

quantity 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 R2, 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 SB 

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 SB 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 

1X  and first releases 2X , respectively. Suppose that 

there are three-variate normalizing transformation of 

a non-Gaussian random vector  TXXY 21,,P  to a 

Gaussian random vector  TY ZZZ 21,,T  is given 

by 

  PψT    

and the inverse transformation for (1) 

  TψP
1   

It is required to build the nonlinear regression 

models in the form  ε,, 21 XXYY   based on the 

transformations (1) and (2). Here, YZ , 1Z , and 2Z  

are the components of a Gaussian random vector T, 

which are defined by the normalizing transformation 

(1) using the variables Y, 1X , and 2X , respectively; 

ε  is a Gaussian random variable that defines 

residuals, ε   εσ,0N , where εσ  is the standard 

deviation of ε . 

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 

  
 
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Here jZ  is a Gaussian variable; jλ  is a 

parameter of the Box-Cox transformation, 2,1j . 

The variable YZ  is defined analogously (3) with the 

only difference that instead of jZ , jX , and jλ  

should be put respectively YZ , Y, and Yλ . 

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 

 εˆˆˆεˆ
22110  ZbZbbZZ YY   

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 ε  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

YY ZY
λ̂1

1εˆλ̂    

where YẐ  is a prediction result by the linear 

regression equation for normalized data, 

22110
ˆˆˆˆ ZbZbbZY  , 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] 

    
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


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where 
ν,2α

t  is a student's t-distribution quantile with 

2α  significance level and ν  freedom degrees; 

1ν  kN ; k is the number of independent 

variables (in our case, k is 2); 

Xz  is a vector with 

components 11 ZZ
i
 ,  , kk ZZ

i
  for i-row; 
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In (7),   rr

N

i
qqZZ ZZZZS

iirq


1

, krq ,,2,1,  . 

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 1X  and first 

releases 2X , 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 1β  

and kurtosis 2β . According to this test, the 

distribution of three-dimensional data from [8] is not 
Gaussian since the test statistic for three-variate 

skewness 6β1N , 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 2β , 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 

0.0495399λ̂ Y , 0.0601632λ̂1  , 0.0185304λ̂2  . 

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 6β1N , 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 2β , 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 (SMDZ) 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 0b̂ , 1b̂ , and 2b̂  equal 

4.39740, 1.36876, and -0.183294, respectively. The 

estimate εσ̂  of standard deviation of ε  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 ε  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) 

No. Y 1X  2X  LB UB 

1 25953 116 85 1490.2 100318.9 

2 18086 103 97 497.4 66438.7 

3 13687 540 490 3655.7 173438.9 

4 127207 851 465 13494.3 287034.2 

5 27648 247 222 2552.8 121348.9 

6 155734 917 261 26992.0 617630.1 

7 607 26 19 0.0 22121.9 

8 30347 307 187 7434.4 202699.9 

9 59569 620 534 4381.2 188687.4 

Source: compiled by the authors 

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-
mates 

Model 1 Model 2 Model 3 Model 4 

Yλ̂  0.075335 0.21354 0.079335 0.30775 

1λ̂  0.098819 -0.21383 0.102703 0.38009 

2λ̂  0.022159 -0.03635 - - 

0b̂  4.92759 -85.9527 4.90872 13.3855 

1b̂  1.35474 63.2100 1.25144 3.02638 

2b̂  -0.18422 -16.7796 - - 

εσ̂  0.4163 4.5943 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 

metrics, namely R2, MMRE, and PRED(0.25). The 
acceptable values of MMRE and PRED(0.25) are 

not more than 0.25 and not less than 0.75, 

respectively. To calculate the values of MMRE and 
PRED(0.25), we used well-known formulas 

 



N

i
iMRE

N
MMRE

1

1
  

   
 

 


N

i

i

otherwise

MREif

N
PRED

1 .0

25,011
25,0   

In (8) and (9), MREi is the Magnitude of 

Relative Error for data point i 
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   iiii YYYMRE ˆ   

For the first model in form (5) with the above 

parameter estimates, predicated upon the three-
variate Box-Cox transformation applied to the 

dataset of the 31 apps, the computed values for R2, 

MMRE, and PRED(0.25) are listed in Table 3 and 
indicate good model quality. For the second model 

in form (5) with the above parameter estimates, 

predicated upon the three-variate Box-Cox 
transformation applied to the dataset of nine apps, 

the computed values for R2, MMRE, and 

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

good model quality for only estimating the 
conditional mean and poor model quality for 

predicting the dependent random variable. 

Table 3. The computed values of R
2
, MMRE, and 

PRED(0.25) for models 1 and 2 

Metrics 
Training sets Test datasets 

Model 1 Model 2 Model 1 Model 2 

R2 0.9541 0.8369 0.9358 0.3159  

MMRE 0.1677 0.4933 0.2301 0.6233 

PRED 0.7742 0.2222 0.6000 0.3333 

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 SMDZ 

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) 

of data from Table 4, and for testing the second 

model, six (rows 2, 6-10). 

Table 4. The test datasets 

No. 
Latest/pre-vious 

app releases 
Y X1 / X2 

SMDZ 

model 
1 / 2  

1 
FreeMind 

0.7.1/0.0.3 
18988 199/53 

8.49/ 

34.52 

2 
FreeMind 

0.9.0Beta17/0.7.1 
56752 577/199 

9.33/ 

9.14 

3 
TuxGuitar 

1.3.0/1.2 
91481 1234/736 

3.04/ 

2.32 

4 
TuxGuitar 

1.5.2/1.2 
108495 1618/736 

3.01/ 

1.84 

5 
TuxGuitar 

1.5.2/1.3.0 
108495 1618/1234 

2.42/ 

8.79 

6 
jEdit  

5.5.0/2.3pre2 
151672 952/322 

32.99/ 
3.32 

7 
jEdit 

5.5.0/2.6final 
151672 952/453 

33.58/ 

2.85 

8 
jEdit 

5.5.0/3.0final 
151672 952/282 

33.03/ 

4.90 

9 
FreeMind 

0.8.0/0.7.1 
84199 718/199 

16.39/ 

11.01 

10 
FreeMind 

0.8.1/0.7.1 
84089 718/199 

16.34/ 

11.02 
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 R2, 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 R2, 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 Ŷ  
using the two models for data row 2 from Table 4. In 

this case, the Ŷ  values for the first and the second 

models are 34332.8 and 127400.1, respectively. In 

this case, the MRE values of Ŷ  for the first and the 

second models are 0.395 and 1.245, respectively. 

Also, we compared the confidence intervals of Ŷ  

values for data row 2 from Table 4. In this case, the 

confidence intervals of Ŷ  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 Ŷ  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 R2, 

MMRE, and PRED(0.25) are listed in Table 5. 

Table 5. The computed values of R
2
, MMRE, and 

PRED(0.25) for SVR 1 and SVR 2 

Metrics 
Training sets Test datasets 

SVR 1 SVR 2 SVR 1 SVR 2 

R2 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 R2, 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 R2, 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 1X . 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 R2, 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 R2, 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 R2, 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 R2 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 1X . 

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 R2, 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 X1 is from 8 to 4397 and 
the interval for X2 is from 5 to 3697 for the first 

model, the interval for X1 is from 26 to 917 and the 

interval for X2 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 R2, 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 SMDZ value for the first model parameters 

is greater than 12.84 and when the values of the 

predictors are within the specified restrictions (X1 is 
from 26 to 917 and X2 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. 
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5. In the future, to validate strong conclusions 

derived from data analysis based on the nonlinear 

regression models for the early NLOC estimation of 
the latest releases, further research needs to be 

carried out for other software metrics and data sets. 

Also, in the future, to construct nonlinear regression 

models for the early NLOC estimation of the latest 

releases, it is planned to apply other multivariate 
normalizing transformations, for example, the 

Johnson transformation. 
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АНОТАЦІЯ 

Проблема раннього оцінювання кількості рядків коду останніх релізів програмного забезпечення, включаючи застосунки 

з відкритим кодом, є важливою, оскільки вона безпосередньо впливає на прогнозування зусиль для їх розробки та подальшого 

вдосконалення. Метою дослідження є побудова кількох регресійних моделей для раннього оцінювання кількості рядків коду 

останніх релізів програмних застосунків з відкритим кодом. Об'єктом дослідження є процес раннього оцінювання кількості 

рядків коду останніх релізів програмних застосунків з відкритим кодом. Предметом дослідження є регресійні моделі для 

раннього оцінювання кількості рядків коду останніх релізів програмних застосунків з відкритим кодом. Для раннього 

оцінювання кількості рядків коду останніх релізів програмних застосунків з відкритим кодом, моделі, довірчі інтервали та 

інтервали прогнозування двох нелінійних регресій з двома предикторами були побудовані за допомогою тривимірного 

нормалізуючого перетворення Бокса-Кокса та спеціалізованих методів. Ці методи, які спираються на множинний нелінійний 

регресійний аналіз, що включає використання багатовимірних нормалізуючих перетворень, враховують наявність викидів у 
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багатовимірних негаусівських даних. У статті ми побудували дві нелінійні регресійні моделі для раннього оцінювання 

кількості рядків коду останніх релізів програмних застосунків з відкритим кодом, які залежать від двох предикторів: кількості 

класів їх останнього та першого релізів. Перша модель має хорошу якість, але друга може бути використана лише для 

оцінювання умовного середнього, і вона має низьку якість для прогнозування реакції як залежної випадкової величини. Ми 

порівняли якість двох побудованих регресійних моделей та двох лінійних регресій з опорними векторами. Якість вищезгаданих 

моделей є подібною. Було проведено аналіз для порівняння побудованих моделей з нелінійними регресійними моделями, які 

залежать лише від кількості класів для їхніх поточних релізів, та побудованими на основі двовимірного перетворення Бокса-

Кокса. Порівняно з такими нелінійними регресійними моделями, побудовані моделі демонструють більший коефіцієнт 

детермінації, менше значення середньої величини відносної похибки, більший відсоток прогнозів, що потрапляють у межах 25 

відсотків від фактичних значень, та вужчі довірчі інтервали та інтервали прогнозування. Результати порівняння вказують на 

кращу якість побудованих моделей з двома предикторами. Перспективи подальших досліджень можуть включати 

використання інших наборів даних для побудови нелінійних регресійних моделей для раннього оцінювання кількості рядків 

коду останніх релізів програмних застосунків з відкритим кодом, для інших обмежень на предиктори. 

Ключові слова: регресійна модель; оцінювання; рядки коду; застосунок з відкритим кодом; нормалізуюче 

перетворення; критерій Мардії; викид; відстань Махаланобіса; тестова статистика; регресія опорних векторів; машинне 

навчання 
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