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This study investigates the process to estimate the 
size of web applications developed in Java (country 
of origin – USA) using the Spring framework (coun-
try of origin – USA).

The task addressed is to improve reliability in 
estimating the size of the corresponding web appli-
cations. Estimating the size of web applications 
developed in Java using the Spring framework is an 
important task in software engineering. This makes 
it possible to assess the required time frame for 
implementing the functionality and to plan a proj-
ect budget.

As a result of the work, a mathematical model 
was built for estimating the size of web applications 
in Java and Spring based on the normalizing transfor-
mation of the decimal logarithm; a corresponding pro-
gram was developed to automate calculations. Quality 
parameters of the constructed model are as follows:  
R2 = 0.9173, MMRE = 0.1511, PRED(0.25) = 0.7931.

That has made it possible to improve the reli-
ability of estimating the size of such web applica-
tions, namely, to reduce the value of average relative 
error and increase the level of prediction, as well as 
to narrow the widths of the confidence and predic-
tion intervals.

A data set consisting of 36 projects was collect-
ed; its preprocessing was performed, which includ-
ed checking for multivariate normality of the distri-
bution and normalization by logarithmization. An 
appropriate nonlinear regression model was con-
structed. To improve the reliability of the model, an 
algorithm was applied that includes iterative remov-
al of outliers using the square of the Mahalanobis 
distance and Fisher's criterion. A program was devel-
oped based on the constructed nonlinear regression 
model; the results were analyzed.

Analysis of the quality of the constructed model 
reveals its adequacy and applicability for solving 
tasks of estimating the size of the corresponding soft-
ware
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1. Introduction

The Java programming language is a common gener-
al-purpose language. It is used together with the Spring 
framework to develop a variety of software: web services, 
games, desktop applications. Java is one of the most popular 
programming languages in the world due to its simple syn-
tax, flexibility, security, portability, and scalability [1].

At the early stages of development, the customer and 
the developer must agree on the scope of work, deadlines, 
as well as budget, but doing so without reliable quantitative 
estimates of the code is difficult. That is why estimating the 
size of Java web applications using the Spring framework is 
an important task in software engineering. Solving this task 
makes it possible to effectively plan the costs of developing 
and further supporting such web applications, plan the 
project budget, and determine the necessary timeframe for 
implementing the functionality.

Existing models for estimating the size of software do not 
take into account the features of the Spring framework. Their 
use may lead to low reliability of the estimates obtained. 
Therefore, conducting scientific research on estimating the 
size of Java web applications using the Spring framework is a 
relevant and necessary task in modern software engineering.

The practical result of such research is the opportunity 
for developers and project managers to obtain a quantitative 
estimate of the size of a web application at an early stage. 
This allows for realistic budget planning and development 
deadlines, as well as reasonable team composition.

In addition, under current development conditions, there 
is a need to automate the processing of code metrics because 
manual analysis of large data sets and building dependences 
are not only time-consuming but also prone to errors due to 
the human factor.

Thus, given the prevalence of the Spring framework for 
developing web applications in Java and the lack of spe-
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tree at the application level. Despite the fact that the Kotlin 
language is close to Java and is used in a similar development 
environment, the features of the architecture of web applica-
tions based on the Spring framework, as well as the specifics 
of the technology stack used, necessitate the construction of a 
specialized model for early estimation of their size.

Work [8] considers building a nonlinear regression mod-
el with three predictors (total number of classes, average 
number of methods per class and average inheritance tree 
depth per class) to estimate the number of lines of code of 
web applications created using the CakePHP framework. The 
four-variate Box-Cox transformation was used to normalize 
the data. Despite belonging to web-oriented systems, the use 
of a different programming language and differences in the 
structure of the program code and the principles of building 
applications do not make it possible to ensure sufficient accu-
racy of the assessment for web applications implemented in 
Java using the Spring framework.

In work [9], a nonlinear regression model is built to 
estimate the size of open applications in PHP using the 
multivariate Johnson transformation for the SB family. The 
four-variate non-Gaussian dataset contained the actual size 
of the program in thousands of lines of code, as well as the 
total number of classes, the average number of methods per 
class, and the sum of the average afferent and average effer-
ent couplings per class, which can be obtained from the class 
diagram. However, the data used in the model did not take 
into account the specific type of software.

Existing models for web applications implemented in Java 
were considered, which are aimed at estimating the size of 
software and are based on the number of classes as an inde-
pendent variable. In [10], several such models are presented, 
one of which is a model using the univariate normalizing 
Johnson transformation, the other model is based on the dec-
imal logarithmic transformation. However, the work did not 
take into account the framework used in the development of 
software projects.

Our review of the literature [6–10] shows that the use of 
nonlinear regression models and normalizing transforma-
tions makes it possible to improve the reliability of estimating 
the size of software projects for non-Gaussian data. At the 
same time, the construction of highly specialized models 
taking into account the technological development stack 
contributes to improving the forecasting results.

However, issues related to the construction of specialized 
models for web applications developed in Java using the 
Spring framework remain unresolved. All this gives grounds 
to argue that it is advisable to conduct a study aimed at build-
ing a nonlinear regression model for early estimation of the 
size of web applications developed in Java using the Spring 
framework.

3. The aim and objectives of the study

The purpose of our study is to improve the reliability of 
estimating the size of web applications developed in Java 
using the Spring framework by building a mathematical 
model based on the normalizing transformation of the deci-
mal logarithm and developing a corresponding program for 
automating calculations. This will allow for a more accurate 
assessment of the labor intensity and costs of developing the 
corresponding web applications at the early stages of project 
planning.

cialized models for estimating the size of such applications, 
scientific research into this area is becoming increasingly 
relevant.

2. Literature review and problem statement

The authors of [2] derived linear regression equations 
for estimating the size of information systems software. 
The dependent variable was the number of lines of code in 
thousands, and the independent variables were the follow-
ing characteristics of the conceptual data model: the total 
number of classes, the total number of relationships, and the 
average number of attributes per class. However, the number 
of lines of code may also depend on other factors and their 
number, which was considered, in particular, in [3]. This 
work considers the construction and validation of models for 
estimating the size of software projects based on four metrics 
of the analysis class diagram using stepwise multiple linear 
regression. The authors used the following metrics, adjusted 
for the analysis-to-design adjustment factor (ADAF): the 
number of classes, the number of attributes, the number 
of methods, and the number of relationships. In addition, 
non-functional requirements may also affect the size of the 
software. In [4], the influence of non-functional require-
ments related to security on the early estimation of the size 
of software systems was investigated by constructing a linear 
regression model using an industrial dataset.

A common drawback of papers [2–4] is the use of linear 
regression. However, for the correct application of linear re-
gression analysis, the data must meet a number of statistical 
requirements:

– model variables must have a distribution close to normal;
– dependent and independent (independent) variables 

must have a close to linear relationship;
– regression residuals must be normally distributed;
– absence of multicollinearity – independence of predic-

tor variables from each other in the case of using multivariate 
regression [5].

Those requirements are valid only in some cases. There-
fore, the option to overcome these difficulties is usually the 
construction of nonlinear regression models.

A number of papers consider the construction of non-
linear regression models, including the studies reported 
in [6–10]. They use statistical iterative methods to detect and 
remove outliers in non-Gaussian data based on mutual nor-
malizing transformations. 

In [6], a nonlinear regression model was built for early 
estimation of the size of Data Science and Machine Learning 
applications using the decimal logarithm as a normalizing 
transformation, as well as the following code metrics: num-
ber of lines of code, number of classes, total number of visible 
methods, and average number of attributes per class. Howev-
er, the architecture and structure of such applications differ 
significantly from web applications developed in Java using 
the Spring framework, which limits the possibility of directly 
using the proposed model to estimate their size. 

In [7], the authors built a three-factor nonlinear re-
gression model to obtain an early estimate of the size of 
open-source Kotlin-based applications. A four-variate Box-
Cox transformation was used for normalization. The initial 
non-Gaussian data set included: software size in thousands 
of lines of code, total number of classes, weighted number 
of methods per class metrics, and depth of the inheritance 
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To achieve this goal, the following tasks must be solved:
– to develop an algorithm for solving the task of building 

a model with iterative removal of outliers;
– to collect, describe, and preprocess data from web appli-

cation metrics to build a model;
– to build a nonlinear regression model for estimating the 

size of web applications;
– to develop a program for automating calculations based 

on the constructed mathematical model.

4. The study materials and methods

4. 1. The object and hypothesis of the study 
The object of our study is the process of estimating the 

size of web applications developed in Java using the Spring 
framework.

The principal hypothesis of the study assumes that the 
reliability of estimating the size of web applications in Java 
using Spring could be increased by building a nonlinear re-
gression model based on the normalizing transformation of 
the decimal logarithm.

The following assumptions are adopted in the study:
– the size of the software in lines of code and the number 

of classes are interdependent quantities;
– the studied software projects are homogeneous in terms 

of technological stack;
– the studied software projects belong to the same class 

of systems.
The following simplifications are accepted in the study:
– one independent variable;
– a univariate normalizing transformation is used.
To calculate the value of the metrics of web applications 

developed in Java, the CK tool was used [11].
When building the model, a method of building non-

linear regression models based on normalizing transforma-
tions [9] was used.

The program for automating calculations was developed 
in the Java programming language [12], in the IntelliJ IDEA 
development environment (country of origin – Czech Re-
public) [13] and using standard Java libraries for building a 
graphical interface and mathematical calculations.

The calculations were performed on a personal computer 
with an Intel Core i5-1135G7 processor (2.4 GHz), 16 GB of 
RAM, and the Windows 11 operating system. The execution 
time of the full model building cycle for a sample of 36 proj-
ects did not exceed 2 seconds.

4. 2. Data preprocessing
Data preprocessing is the foundation for further modeling 

and often takes up a large portion of the project time. Data 
preparation is the most important stage, the quality of which 
determines the possibility of obtaining high-quality results of 
the entire Data Mining process. According to some estimates, 
up to 80% of the total time allocated to the project can be 
spent on the data preparation stage [14].

The preprocessing process includes the following main 
tasks:

– checking the multivariate distribution for normality;
– data normalization: bringing the data distribution to a 

normal form;
– finding and removing outliers in the data.
The essence of these procedures was considered in more 

detail.

To check the multivariate distribution for normality, 
Mardia criteria are used – multivariate skewness and kur-
tosis [15]:
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where X is a k-dimensional vector of variables, X = (X1, X2, 
…, Xk); SN is a sample covariance matrix, which is calculated 
from the following formula [16]
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where X  is the vector of mean values.
The test statistic for β1,k is determined from the formula 

T = (N / 6)β1,k and is compared with the critical value of the 
χ2 distribution: 2 ,T αχ≤ where 2

αχ  is the upper α-quantile of 
the χ2 distribution with k(k + 1)(k + 2) / 6 degrees of freedom, 
α is the significance level.

For β2,k, the 1 – α quantile of the normal distribution 
with the mathematical expectation k(k + 2) and variance  
8k(k + 2) / N is used as the test statistic z2,k.

4. 3. Data normalization
Many statistical algorithms, in particular linear regres-

sion, impose strict requirements on the nature of the dis-
tribution of the input data. Model variables must have a 
distribution close to normal. If the input data have a bias, 
nonlinear transformation methods are used to correct them 
and approximate them to a normal (Gaussian) distribution. 
The most effective methods for this are data normalization 
and normalizing transformations: logarithmization (in par-
ticular, the decimal logarithm), Box-Cox transformation, and 
Johnson transformation.

Normalization is necessary to bring the input data dis-
tribution to a form close to normal. If there is a normalizing 
transformation of a non-Gaussian random vector P = {Y, X1, 
X2, …, Xk}T into a Gaussian random vector T = {ZY, Z1, Z2, …, 
Zk}T, which is given by equation T = ψ(P), then there is an in-
verse transformation, which has the form P = ψ-1(T), where: 
ψ is a vector, ψ = {ψY, ψ1, ψ2,…,ψk}T [9, 17].

The simplest example of a normalizing transformation 
from the point of view of implementation is a logarithmic 
transformation based on the decimal logarithm, which has 
the form Z = lg(x). Then the inverse transformation takes the 
form x = 10Z.

As for anomalous values (noise and outliers), they need 
to be detected and their impact on the analysis results should 
be assessed because results based on dirty data cannot be 
considered reliable and useful. For multivariate data, this can 
be done using the square of the Mahalanobis distance, using 
the procedure given in [18]

( )(2 1) ,T
i i Z id −= − −Z Z S Z Z 	 (4)

where Zi is the i-th data component, Z  is the vector of 
sample means, SZ is the covariance matrix calculated from 
formula (3).

Also, for the square of the Mahalanobis distance obtained 
from (4), we can calculate the test statistic
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which can be compared with the quantile of the Fisher dis-
tribution Fk,N-k,α.

4. 4. Regression problem and methods for solving it
As mentioned above, the regression problem is one of the 

basic problems in data analysis. The relationship between 
two variables X and Y is considered. Let one of the vari-
ables (X) be independent (predictor), and the other (Y) be 
dependent (response) in this relationship.

Since in practice the work is done with a sample, and 
not with the general population, the task of the analysis is 
to construct an empirical regression equation. The most 
common method for finding coefficients is the least squares 
method (LSM).

To construct the equation of a linear regression model, 
the data must be normally distributed. For this purpose, a 
transformation using the decimal logarithm is used

( )   lg ; xZ X=  ( )   lg ,yZ Y= 	 (6)

where X, Y are the initial values of the metrics, Zx, Zy are the 
normalized values.

To construct the pairwise linear regression equation, the 
following relation is used

0 1
ˆ .y xZ b b Z= + 	 (7)

Confidence intervals and prediction intervals are con-
structed for linear regression [5]:
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where tα/2,N–2 is the Student’s t-test, Serr is the regression 
standard error.

Since the simulation was performed on a logarithmic 
scale, to obtain the final result it is necessary to perform the 
inverse transformation (potentiation).

The nonlinear regression equation for the initial data 
takes the form

0 1 .ˆ 10b bY X= 	 (10)

A similar transformation is applied to the boundaries of 
intervals:

min
min 10 ;ZY =  max

max 10 .ZY = 	 (11)

The following quality metrics are used for the final verifi-
cation of the model: the coefficient of determination R2, which 
shows the degree of linear relationship, the average value of 
relative error MMRE, prediction level PRED(0.25) [19].

The model is considered to be of satisfactory quality if R2 
is at least 0.75, MMRE is no more than 0.25, and PRED(0.25) 
is at least 0.75.

5. Results of the construction of a mathematical model 
for estimating the size of web applications

5. 1. Development of an algorithm for solving the 
problem of building a model with iterative outlier re-
moval

Based on the mathematical apparatus substantiated 
above, an algorithm for solving the problem of estimating the 
size of web applications has been developed. The algorithm 
implements an iterative process of building a nonlinear 
regression model with preliminary data cleaning. The algo-
rithm consists of the following stages:

Stage 1. Primary data analysis.
Calculation of basic statistical characteristics (minimum 

and maximum values, average, standard deviation) for the NOC 
(Number of Classes) and kLOC (kilo Lines of Code) metrics.

Stage 2. Normality check and data normalization.
Testing the hypothesis of a multivariate normal distri-

bution of the input data using Mardia criteria according to 
formulae (1), (2). If the input empirical data do not corre-
spond to a normal distribution, which is typical for software 
metrics, which often have “heavy tails” of the distribution, it 
is necessary to perform data normalization. In the work, a 
transformation using the decimal logarithm according to for-
mula (6) is used for this purpose. This transformation makes 
it possible to normalize the dependence, reducing the task of 
constructing a nonlinear regression to a linear one.

Stage 3. Detection and removal of outliers (iterative cycle).
To ensure the stability of the model, it is necessary to clean 

the sample from anomalous observations (outliers). The clean-
ing procedure is implemented as the next verification cycle.

1. Calculation of the vector of means, covariance matrix 
according to formula (3) for the current data set.

2. Calculation of the square of the Mahalanobis distance 
2
id  for each project according to formula (4).

3. Calculation of the test statistic TSi for each observation 
based on 2

id  from formula (5).
4. Comparison of TSi with the quantile of the Fisher dis-

tribution Fk,N–k,α.
5. Among the points for which TSi>Fk,N–k,α (outliers), the 

point with the maximum TSi value is removed from the sam-
ple. The process returns to point 1 of this stage with a new 
data set. The cycle ends when no outliers are detected.

Stage 4. Calculation of linear regression parameters.
For the cleaned normalized data, the coefficients b0 and 

b1 for equation (7) are calculated using the least squares (LS) 
method.

Stage 5. Checking the linear regression residuals.
An important condition for the adequacy of the model 

is the normal distribution of the regression residuals. This 
check allows us to confirm that the model has taken into 
account all the system regularities and the errors are random.

Calculation of the model residuals ˆ
i ii y yZ Zε = −  and 

checking their distribution for normality. If the residuals 
are not normally distributed, the largest residual in absolute 
value is removed and a return to stage 3 is performed; recal-
culation is performed.

Stage 6. Construction of the confidence interval and pre-
diction interval.

To assess the accuracy of the model, intervals are con-
structed for normalized data according to formulae (8), (9). 
For each value of the independent variable, the limits of 
the confidence interval and the prediction interval are 
calculated.
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Stage 7. Inverse transformation and construction of a 
nonlinear model.

To derive an equation of the nonlinear regression model, 
the inverse transformation is used and an equation in the 
form of (10) is obtained.

A similar transformation is applied to the limits of inter-
vals (11).

Stage 8. Checking the data entry into the prediction in-
tervals.

Analysis of the correspondence of the empirical data to 
the constructed prediction intervals. If there are points that 
go beyond the limits of the prediction intervals of the nonlin-
ear model, they are removed as those that are not described 
by this model, after which recalculation is performed (return 
to Stage 3).

Stage 9. Assessing the quality of the nonlinear model.
Calculation of final quality metrics: coefficient of deter-

mination R2, mean relative error MMRE, and prediction level 
PRED(0.25). Decision-making on model adequacy.

The developed algorithm makes it possible to automate 
the process of building a nonlinear regression model and 
minimize the influence of the human factor.

5. 2. Collection, description, and preprocessing of 
data from web application metrics

For this work, metrics of 36 projects from the GitHub 
repository [20] were taken, which were developed in the 
Java programming language using the Spring framework; all 
projects are open source. The NOC metric is used as an in-
dependent variable – the number of classes (variable X), and 
the kLOC metric, the number of lines of code in thousands 
(variable Y), is used as a dependent variable. A fragment of 
the collected data is given in Table 1.

Table 1 

Metrics of projects developed in the Java programming 
language using the Spring framework (data fragment)

No. GitHub link Y 
(kLOC)

X 
(NOC)

1 https://github.com/KeeevinW/ 
Student-Management-Website 0.547 15

2 https://github.com/Foriee007/ 
HOA-Manager-App 3.240 57

3 https://github.com/horatiu-popan/
sky-browser 2.026 61

4 https://github.com/nicolasPalomares/
MedicalClinic-System 0.921 22

5 https://github.com/taizel/donor-calendar 1.118 33

6 https://github.com/thebooleanguy/ 
dictionary-app 0.779 19

7 https://github.com/safvan8/ 
train-ticket-reservation-system 1.861 58

8 https://github.com/s1gawron/ 
stock-exchange-app 2.505 60

9 https://github.com/AlertedCoffee/ 
archive-manager 1.315 24

10 https://github.com/Youssefesprit/ 
UniversityHostelReservationSystem 1.331 21

Descriptive statistics of the initial data set are given 
in Table 2.

According to Table 2, one can see that the value of the 
kLOC metric varies from 0.171 to 9.229 with a mean of 1.721 

and a significant spread (standard deviation of 1.703). The 
number of NOC classes varies from 4 to 261 with a mean 
of 40.222 and a standard deviation of 44.823.

Table 2 

Descriptive statistics of the initial data set

Metric name Min Max Mean Standard deviation
Y(kLOC) 0.171 9.229 1.721 1.703
X(NOC) 4 261 40.222 44.823

Large values of standard deviations exceeding the mean 
indicate high heterogeneity of the data set and asymmetric dis-
tribution. These characteristics justify the need to apply a nor-
malizing transformation before building a regression model.

Next, the collected data set was preprocessed, which in-
cluded a check for multivariate normality of the distribution. 
Based on analysis of the β1 and β2 values, it was concluded 
that the presented data set does not correspond to a multi-
variate normal distribution: β1 = 16.3555 with a critical value 
of 14.8603 and β2 = 23.3002 with a critical value of 12.5793. 
Data normalization was performed by applying a normaliz-
ing transformation of the decimal logarithm.

5. 3. Construction of a nonlinear regression model 
for estimating the size of web applications

Further construction of the model was carried out itera-
tively. In the first iteration, using the square of the Mahala-
nobis distance (4) and the test statistic (5), calculated for each 
project, no outliers were detected: the maximum value of 2

id  
is 9.6040, the maximum value of TSi is 4.5387, the Fisher dis-
tribution quantile F2,34,0.005 is 6.2169. The coefficients of the 
linear regression equation were calculated: b0 = –1.4289 and 
b1 = 1.0360, the linear regression residuals were checked for 
compliance with the normal distribution law, and the corre-
sponding intervals were constructed according to (8) and (9). 
Using the inverse transformation, the nonlinear regression 
model (10) and the corresponding intervals (11) were con-
structed. One data point (project number 29) was found that 
is outside the prediction interval of the nonlinear regression.

In the second iteration, all actions were repeated for the 
adjusted data set containing 35 projects. Using the square 
of the Mahalanobis distance and the test statistics, no out-
liers were detected: the maximum value of 2

id  is 8.1787, the 
maximum value of TSi is 3.8586, the quantile of the Fisher 
distribution F2,33,0.005 is 6.2478. The coefficients of the linear 
regression equation take the following values: b0 = –1.3687 
and b1 = 1.0016. As a result of checking the data for inclu-
sion in the prediction interval, two outliers were found and 
removed (projects with numbers 15 and 19).

In the third, fourth, fifth, and sixth iterations, outliers were 
found at the stage of checking the linear regression residuals. As 
a result, projects with numbers 10, 35, 21, and 30 were removed, 
respectively. No outliers were found in the seventh iteration.

Seven projects were finally removed, with project num-
bers: 29, 15, 19, 10, 35, 21, 30. The adjusted data set contained 
29 projects. A nonlinear regression model was constructed 
for the resulting set, which takes the form

1.3976 1.0070ˆ 10 .Y Xε −= 	 (12)

Thus, the construction of a nonlinear regression model 
for estimating the size of web applications developed in Java 
using the Spring framework can be considered complete.
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5. 4. Development of a program for automating cal�-
culations

To automate calculations when building a model, a cor-
responding program was developed, for which an analysis of 
the subject area was conducted, and a statement of the devel-
opment task was formed; design was performed. An analysis 
of modern software development tools was conducted.

The developed console software application performs 
the import of application metrics, data normalization, and 
elimination of outliers. The application also constructs linear 
and nonlinear regression models, calculates the limits of 
confidence intervals and prediction intervals. Separately, the 
calculation of model quality parameters is performed, and 
plots of regression equations and intervals are constructed.

The results of software operation are shown in Fig. 1–3.
Fig. 1 shows a screenshot from the console of the execut-

ed program, which illustrates the process of executing all its 
functions.

Fig. 2, 3 depict plots of linear and 
nonlinear regression equations with the 
corresponding confidence and predic-
tion intervals.

6. Discussion of results based on 
the construction of a mathematical 

model for estimating the size of 
web applications

Our results are explained by the use 
of a normalizing transformation based 
on the decimal logarithm, formula (6), 
and iterative removal of outliers by the 
square of the Mahalanobis distance, 
formulae (4) and (5). As can be seen 
from Table 2, the initial metrics had 
significant variability and an asymmet-
ric distribution, which was confirmed 
by the Mardia criteria. The logarithmic 
transformation allowed us to reduce the 
task of constructing a nonlinear regres-
sion to a linear one, and the removal of 
seven outliers ensured the adequacy of 
the model (12).

The quality assessment of the con-
structed nonlinear regression model 
was performed using parameters R2, 
MMRE and PRED(0.25). A total of sev-
en iterations were performed. In the 
first iteration, their values were 0.8576, 

0.2299, and 0.6944, respectively. In the second iteration – 
0.8858, 0.2054, and 0.6571, respectively.

For the constructed nonlinear regression model, the 
final quality parameters were calculated: R2 = 0.9173, 
MMRE = 0.1511, PRED(0.25) = 0.7931. The resulting val-
ues satisfy the requirements R2 ≥ 0.75, MMRE ≤ 0.25 and 
PRED(0.25) ≥ 0.75. This indicates the adequacy of the con-
structed model for estimating the size of web applications 
developed in Java using the Spring framework.

A feature of the proposed approach compared to the 
approach from [10] is its orientation to the specifics of web 
applications built using the Spring framework. The mod-
el from [10], applied to the data of such web applications, 

 
  Fig. 1. Screenshot of the console with the result of building the model

 

 
  

 

 
  

Fig. 2. Graphical representation of linear regression 
(fragment)

Fig. 3. Graphical representation of nonlinear regression
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gave the following quality indicators: MMRE = 0.8167 and 
PRED(0.25) = 0.1389, which did not meet the requirements. 
The model proposed in our work produced the following qual-
ity indicators: MMRE = 0.1511 and PRED(0.25) = 0.7931, i.e., 
it surpassed the known model in both indicators. Unlike other 
works, where nonlinear models were built for Java and PHP 
without taking into account the framework, our model takes 
into account the architectural specificity of Spring applications.

In [21], a three-factor model with 571 projects of various 
types of applications was used for Java applications, while 
in this study a single-factor model was applied specifically 
for Spring web applications with a focus on the NOC metric.

The limitations of our study are related to the size and 
composition of the sample. The model was built on 29 proj-
ects after removing outliers. Its application is correct in the 
range of NOC metric values from 4 to 261, that is, for small 
and medium-sized web applications. For projects with the 
number of classes outside this range, the reproducibility of 
the declared quality indicators is not guaranteed. Another 
limitation is the use of only one independent variable (NOC), 
which simplifies the model for initial assessment but does 
not take into account other factors of the project complexity.

Among the shortcomings of the study, it is worth noting 
the small number of projects in the initial sample – 36, of 
which 7 were removed as outliers. To eliminate this draw-
back, in the future it is necessary to expand the sample to 
100–150 projects.

Another drawback is the use of only one type of normal-
izing transformation – the decimal logarithm. This drawback 
can be eliminated by a comparative analysis of Box-Cox and 
Johnson transformations on the same data, similar to the 
approach in [21].

Future studies should consider the transition to multivariate 
nonlinear regression models using different sets of metrics. On 
this path, one may encounter mathematical difficulties – mul-
ticollinearity of predictors and the need to check multivariate 
normality in a higher-dimensional space. Experimental difficul-
ties are associated with collecting a sufficiently representative 
sample of open Spring projects with a full set of metrics.

7. Conclusions 

1. An algorithm for solving the problem with iterative 
removal of outliers by the square of the Mahalanobis distance 
and the Fisher criterion has been developed. A feature of the 
algorithm is a two-stage check for outliers: by the Mahala-
nobis distance and by the entry of points into the prediction 
interval of the nonlinear model.

2. Data collection, description, and preprocessing of 36 web 
applications from the GitHub repository, developed in Java 
using the Spring framework, were performed. Verification by 
Mardia criteria showed that the data did not correspond to a 
multivariate normal distribution (β1 = 16.3555 at a critical value 
of 14.8603, β2 = 23.3002 at a critical value of 12.5793). This is 
explained by the asymmetric distribution characteristic of the 
metrics of the considered web applications and led to the use of 
a logarithmic normalizing transformation.

3. A nonlinear regression model was built to estimate 
the kLOC metric by the NOC metric based on the normaliz-
ing transformation of the decimal logarithm. As a result of 
algorithm operation, seven outliers were removed (projects 
No. 29, 15, 19, 10, 35, 21, 30). This allowed us to obtain a 
stable model with the following quality parameters: R2 =  
= 0.9173, MMRE = 0.1511, PRED(0.25) = 0.7931, which sat-
isfies the requirements for model adequacy. The difference 
from the considered models is the orientation specifically to 
Spring web applications and taking into account the architec-
tural specificity of this framework in the sample.

4. A console software application in Java has been de�-
veloped that automates data import, normalization, outlier 
detection, as well as model building. The application also 
calculates confidence intervals and prediction intervals and 
plots regression equations and intervals. This minimizes the 
influence of human factors on the results of web application 
size estimation.
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