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The paper presents an algorithm for calculating key statistical parameters, including correlation dependences, 
correlation coefficients, and a method of checking the presence of a linear dependence. A quadratic regression 
equation is obtained, regression curve graphs are constructed, distribution functions and probability densities with 
the procedure for their normalization are calculated. The main statistical parameters of random variables are also 
calculated: mathematical expectation, variance, standard deviation, and quantiles of various levels. The proposed 
regression analysis algorithm can be used to assess safety and reliability of building structures, which allows 
analyzing their operation in a probabilistic form. Based on the theoretical and applied results of the work, prospects 
are opened for further development of probabilistic analysis methods for safety of construction projects as a whole, 
taking into account their complex structure and interaction of various structural elements. 
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HIGHLIGHTS  

− Quadratic regression model links concrete strength to technical state categories in a sample of roof slabs.  
− Normalized probability density function derived for reliability assessment of reinforced concrete elements.  
− Algorithm enables probabilistic safety analysis from non-destructive testing data. 

1 Introduction 

When designing and operating various structural elements, it is important to assess their reliability (safety) based on 
analyzing the parameters of the bearing capacity (strength, rigidity, stability). 
Recently, along with deterministic methods of studying structures, probabilistic methods have also become essential 
that allow determining not only the probabilities of failure of individual structural elements but also to identify their 
service life (resource forecasting), as well as their maintainability and optimal terms required by their actual technical 
condition. 
For these purposes, systematic (with the possibility of monitoring) maintenance should be carried out at various 
stages of operation. 
The result of the survey is a large set of statistical data on the parameters of strength, rigidity and stability measured 
by technical means, which requires deep engineering analysis with the possibility of analytical processing of the 
obtained data. Namely, it is necessary to apply the methods of probability theory and mathematical statistics, which 
provide sufficiently accurate and scientifically substantiated results of engineering studies. 
The regression analysis algorithm proposed in this paper is logically "tied" to the conditions of statistical processing 
of the technical condition parameters of some building structures. 
The set of values of the studied parameters of the structure technical condition has the character of a randomly 
variable set of numbers (values), the so-called statistical "sample". In this case, the results of regression analysis 
allow obtaining experimental expressions of the distribution functions of random variables (parameters), on the basis 
of which the known characteristics of random variables (mathematical expectation, dispersion, variations, etc.) are 
calculated, and this in turn will allow determining=0- the required reliability parameters on a probabilistic basis (the 
probability of failure-free operation - "PFO", service life, etc.). 
Inspection of structures, as well as prediction of their performance, are carried out constantly. For example, in work 
[1] to model the operational characteristics of a building due to the effect of the window opening mode, the Gaussian 
distribution was used. The study parameters are the internal and external air temperature; the comparative analysis 
of the results of logistic regression with the Gaussian model was performed, and it was found that the Gaussian 
distribution increased the accuracy of forecasting (up to 9.5%). 
Article [2] studies the correlation issues between a set of global structural parameters and damage to parts of a 
building during earthquakes. The analysis of the given regression models showed that the level of damage to 
buildings as a result of earthquakes correlated well with the type of soil foundation. 
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Based on the relevant studies, it was established [3] that the external environment had the greatest impact on labor 
safety, while the structure of the model analysis was also shown for the importance, for the methods of production 
management and the level of its organization. 
Based on the system of automated crack detection and prediction of crack depth, the authors of work [4] established 
optimal methods of repairing concrete structures. For this purpose, a binary model of the neutral network was 
developed, as well as integrated regression models. The model was tested when studying reinforced concrete slabs, 
and it showed ultra-high accuracy, reliability and automation level; the results obtained can be useful in assessing 
the technical condition of concrete structures and selecting optimal methods of their repair. A regression-based 
algorithm tested in the laboratory ensures reliable operation under various scenarios of bridge damage, using deep 
learning in the research [5], high accuracy in detecting cracks in concrete is achieved and the crack orientation 
correlates with their severity, which improves automated maintenance strategies. In the context of rigid pavements, 
an empirical regression model was developed to predict crack width based on concrete quality and subgrade CBR, 
providing a practical tool for assessing pavement durability and planning maintenance [6]. 
Article [7] analyzes the effect of statistical data on the results of regression of statistical (random) variables by 
introducing the concept of "fuzzy random variables"; using the values of expectation and variation of fuzzy random 
variables, σ-confidence intervals are constructed when inputting and outputting random variables. As a result of the 
proposed regression model, the problem is reduced to a nonlinear programming procedure. 
In [8], it is proposed to develop correlation models of weathering limestone walls based on the "Rebound hammer" 
method. Based on the results of laboratory testing the samples, the regression analysis was performed between the 
"RH" value and the elastic modulus of the material. As a result, the presented correlation models have high 
determination coefficients. 
In the process of monitoring the technical condition of structures, the authors of [9] show that difficulties arise in 
generalizing the data obtained in structures due to a significant discrepancy between the probability distributions of 
random variables reflecting the level of damage to objects. In this case, it is proposed to use relevant information 
based on the analysis of transfer components and a combination with the Gauss regression model, which allows for 
a quantitative assessment of the degree of damage to structures.  
Article [10] proposes a more accurate (compared to the classical) method of nonlinear dynamic analysis of seismic 
data obtained in the experiment based on the mechanized regression analysis. As a result of using this method, a 
higher level of design of concrete structures is achieved, and the method itself demonstrates an excellent ability to 
take into account the dissipation of seismic energy. 
The authors of [11] propose to use regression dependences of Gaussian processes, which allow determining 
attributes of a class of buildings with seismic sensitivity parameters. GP-regression is developed on the basis of such 
parameters of seismic randomness as medians and dispersions. The proposed model has a high degree of prediction 
of seismic impacts consequences. 
In work [12] the results of a comprehensive statistical study of coefficients of inelastic displacements for designing 
buildings standing on shallow soils are analyzed and summarized; the building is considered as a dynamic system 
with one degree of freedom under corresponding seismic impacts (San Francisco). In this case, the effect of the 
period of oscillations of structures on the period of oscillatory motion of soft soil, the level of inelastic deformation, 
the magnitude of the earthquake and the distance to the epicenter are analyzed. The results of the study are average 
coefficients of bearing displacements and their dispersions, a simplified equation for determining the average 
coefficients of inelastic displacement based on the nonlinear regression analysis is derived.  
Studying changes in the displacement of concrete structures depending on the temperature and relative humidity 
based on regression analysis of the rate of deformation of structures, with an additional analysis taking into account 
the increase in the volume of material of structures during long-term operation (in the time coordinate) is presented 
by the authors [13]. 
Article [14, 15] studies the effect of uncertainties (randomness of factors) in assessing the seismic risk of reinforced 
concrete buildings. Based on machine learning algorithms, software was developed in the Python language using 
advanced methods of optimizing an array of parameters (random search, etc.) to obtain the resulting seismic 
sensitivity curve for assessing seismic risk. The proposed ML method significantly reduces the number of 
computational operations. As examples illustrating the proposed methodology, 165 frames made of metal structures 
were considered (calculation points for the data array made 1121184 units). 
Various types of regressors used in this case showed high performance, high accuracy, good correlation with the 
corresponding real dependence curves. The proposed graphical user interface has proven to be a reliable and 
practical tool for assessing the seismic risk of reinforced concrete buildings.  
Paper [16] deals with the probabilistic assessment of the safety of structures under extreme loads capable of causing 
local damage or even progressive collapse. The authors propose new models of progressive collapse sensitivity 
based on analyzing force effects of low-rise reinforced concrete frames. Random realizations of 2D and 3D structures 
were simulated by the Monte Carlo method using finite element methods. The brittle failure models were compared 
with models obtained using incremental dynamic analysis (IDA) to assess the inaccuracy of the proposed model of 
force pressure (punching). Corresponding regression models were developed for rapid assessment of the dynamic 
coefficient from a given level of displacement (punching settlement). 
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The methodology of deriving regression equations for predicting maximum inelastic displacements and accelerations 
of the masses of steel frame structures with a concentrically braced frame (CBF) is shown by the authors of [17]. For 
a set of 24 CBF studies, a database was formed based on a large number of nonlinear regression analyses of the 
time history of seismic effects. Multivariate regression models for peak (maximum) displacements and accelerations 
were reduced to the data of the results of nonlinear time history analysis (NLTHA). The presented regressions are 
close to the NLTHA results in a wide range of initial data. The advantage of the authors’ models is the absence of 
the need for nonlinear analyses.  
Thus, the regression analysis algorithm proposed by the authors of this article allows estimating reliability (or safety) 
of the objects under study in the probabilistic form based on the results of a technical inspection of buildings and 
structures. In the future, it is necessary to apply this algorithm to buildings and structures as a whole, moving from 
regression analysis of individual structural elements to the methodology of complex regression analysis of the 
structure under study.  

2 Materials and methods 

Let’s show the content of the regression analysis algorithm only for a separate type of building structures, reinforced 
concrete roof slabs. Let’s take as a study a statistical sample of structural elements in the amount of 818 roof slabs. 
Based on the results of the technical condition, the following data on the parameters of the concrete strength of the 
structures were obtained (Figure 1). 𝑅𝑅𝑐𝑐 (further denoted as 𝑥𝑥) within the limits:  
𝑅𝑅𝑖𝑖 = 10 … 40 МPа (with a step of 10 МPа). 

 
Fig.1 Conducting non-destructive testing of slabs 

Based on instrumental measurements and visual inspection criteria at [18], the technical condition of the roof slabs 
was assessed according to three main categories [19]: 
𝑦𝑦1 is a workable structure;  
𝑦𝑦2 is a limited functionality structure;  
𝑦𝑦3 is an ultimate limit state structure.  

3 Results and discussion 

The data for 𝑥𝑥1; 𝑦𝑦1 are given in Table 1 as a two-dimensional system of discrete random variables. 

Table 1. Two-dimensional statistical sample 

𝑦𝑦𝑖𝑖  
𝑥𝑥𝑖𝑖 

𝑦𝑦1 = 1 
(1 state) 

𝑦𝑦2 = 2 
(2 state) 

𝑦𝑦3 = 3 
(3 state) 

𝑚𝑚𝑥𝑥𝑥𝑥 

𝑥𝑥1 = 10 - - 4 4 
𝑥𝑥2 = 20 - 118 2 120 
𝑥𝑥3 = 30 403 9 - 412 
𝑥𝑥4 = 40 282 - - 282 
𝑚𝑚𝑦𝑦𝑦𝑦 685 127 6 818 

𝑁𝑁 = 818 is the statistical sample for the regression analysis; 
𝑛𝑛 is the number of slabs (shown in the field of Table 1); 
𝑥𝑥𝑖𝑖(𝑖𝑖 = 1,  2,  3,  4) is the structure concrete strength, МPа; 
𝑦𝑦𝑖𝑖(𝑖𝑖 = 1,  2,  3) is the category of technical state associated with the 𝑥𝑥𝑖𝑖value. 
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The outline of the histogram in Figure 2 shows that the nature of the change in the factors under study quite 
acceptably approaches the known normal law of probability density distribution. 

 
Fig. 2. Distribution of the sample by x and y 

The purpose of the work is to establish a statistical relationship between the values 𝑥𝑥𝑖𝑖 and 𝑦𝑦𝑖𝑖 that based on regression 
analysis. Next, perform statistical processing of the data in Table 1.  
Divide the data in Table 1 into two separate tables: for the parameters 𝑥𝑥𝑖𝑖 (Table 2) and 𝑦𝑦𝑖𝑖 (Table 3) or Figure 2. 

Table 2. One-dimensional statistical sample with x-axis 

𝑥𝑥 𝑛𝑛 𝑥𝑥 ⋅ 𝑛𝑛 𝑥𝑥2 ⋅ 𝑛𝑛 

10 4 40 400 
20 120 2400 48000 
30 412 12360 370800 
40 282 11280 451200 
𝛴𝛴 818=N 26080 870400 

Table 3. One-dimensional statistical sample with y-axis 

𝑥𝑥 𝑛𝑛 𝑦𝑦 ⋅ 𝑛𝑛 𝑦𝑦2 ⋅ 𝑛𝑛 

1 685 685 685 
2 127 254 508 
3 6 18 54 
𝛴𝛴 818=N 957 1247 

Calculate the parameters of the sample using the data in Table 2: 
− Average statistical value: 

𝑥̄𝑥 = ∑𝑥𝑥𝑥𝑥
𝑁𝑁

= 26080
818

= 31.8826,     𝑥̄𝑥2 = ∑𝑥𝑥2𝑛𝑛
𝑁𝑁

= 870400
818

= 1064.0587 

− Dispersion (value scatter criterion): 
𝐷𝐷𝑥𝑥 = 𝑥̄𝑥2 − (𝑥̄𝑥)2 = 1064.0587 − (31.8826)2 = 47.5585   

− Standard deviation: 
𝜎𝜎𝑥𝑥 = �𝐷𝐷𝑥𝑥 = √47.5585 = 6.8963 

Based on Table 3: 

(a) 𝑦̄𝑦 = ∑𝑦𝑦𝑦𝑦
𝑁𝑁

= 957
818

= 1.1699,   𝑦̄𝑦2 = ∑𝑦𝑦2𝑛𝑛
𝑁𝑁

= 1247
818

= 1.5244 

(b) 𝐷𝐷𝑦𝑦 = 𝑦̄𝑦2 − (𝑦̄𝑦)2 = 1.5244 − (1.1699)2 = 0.1557 

(c)  𝜎𝜎𝑦𝑦 = �𝐷𝐷𝑦𝑦 = √0.1557 = 0.3946 
Calculate the complex product of 𝑛𝑛 ⋅ 𝑥𝑥 ⋅ 𝑦𝑦 values (Table 4) taking into account the data from Table 1. 
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Table 4. Two-dimensional statistical sample 

𝑦𝑦 
𝑥𝑥 

1 2 3 𝑚𝑚𝑦𝑦𝑦𝑦 

10 0 0 120 120 

20 0 4720 120 4840 

30 12090 540 - 12630 

40 11280 0 - 11280 

𝑚𝑚𝑥𝑥𝑥𝑥 23370 5260 240 28870 

based on Table 4: 

𝑥̄𝑥𝑦̄𝑦 =
∑𝑛𝑛𝑛𝑛𝑛𝑛
𝑁𝑁

=
28870

818
= 35.2934 (1) 

Using the data from Tables 1-4 and the average statistical values and parameters obtained from them, perform the 
following general calculation tasks: 
Calculate the correlation relationship between 𝜂𝜂𝑥𝑥𝑥𝑥 values for 𝑥𝑥 and 𝑦𝑦 , which determines the degree of their 
connection with each other. 

𝜂𝜂𝑥𝑥𝑥𝑥 =
𝛿𝛿𝑦𝑦
𝜎𝜎𝑦𝑦

=
𝛿𝛿𝑥𝑥
𝜎𝜎𝑥𝑥

 (2) 

where 𝜎𝜎𝑥𝑥 ,𝜎𝜎𝑦𝑦 are the standard deviation (SD) of the 𝑥𝑥 and 𝑦𝑦 parameters, respectively; 
𝛿𝛿𝑥𝑥, 𝛿𝛿𝑦𝑦 are bond correlation coefficients. 
Based on (1) calculate (for example, through the 𝛿𝛿𝑦𝑦value) 

− the 𝑦̄𝑦(𝑥𝑥𝑖𝑖) value based on Table 1 data: 

𝑦̄𝑦(𝑥𝑥 = 10) =
3 ⋅ 4

4
= 3.0; 𝑦̄𝑦(𝑥𝑥 = 20) =

118 ⋅ 2 + 2 ⋅ 2
120

= 2.0 

𝑦̄𝑦(𝑥𝑥 = 30) =
403 ⋅ 1 + 9 ⋅ 2

120
= 1.022; 𝑦̄𝑦(𝑥𝑥 = 40) =

282 ⋅ 1
282

= 1.0 
(3) 

− the 𝛿𝛿𝑦𝑦value: 

𝛿𝛿𝑦𝑦2 =
1
𝑁𝑁
�[𝑦̄𝑦 − 𝑦̄𝑦(𝑥𝑥𝑖𝑖)]

2
⋅ 𝑚𝑚𝑥𝑥𝑥𝑥 (4) 

Based on (4), with 𝑦̄𝑦 = 1.1699 (taking into account values (3)), there is: 

𝛿𝛿𝑦𝑦2 =
1

818
[(1.1699 − 3.0)2 ⋅ 4 + (1.1699 − 2)2 ⋅ 120 + 

+(1.1699 − 1.0220)2 ⋅ 412 + (1.1669 − 1.0)2 ⋅ 282] = 0.1384 

𝛿𝛿𝑦𝑦 = 0.3721 (5) 

Based in (2) (or 𝜎𝜎𝑦𝑦 = 0.3946), taking into account (5), there is: 

𝜂𝜂𝑥𝑥𝑥𝑥 =
0.3721
0.3946

= 0.9429 ≈ 1.0 

Conclusion: the relationship between the 𝑥𝑥and 𝑦𝑦parameters is strong since the 𝜂𝜂𝑥𝑥𝑥𝑥value is very close to 1. 
Calculate the correlation coefficient 𝑟𝑟𝑥𝑥𝑥𝑥: 

𝑟𝑟𝑥𝑥𝑥𝑥 =
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝜎𝜎𝑥𝑥 ⋅ 𝜎𝜎𝑦𝑦

=
𝑥̄𝑥𝑦̄𝑦 − 𝑥̄𝑥 ⋅ 𝑦̄𝑦
𝜎𝜎𝑥𝑥 ⋅ 𝜎𝜎𝑦𝑦

 (6) 

Based on (6), taking into account (1), there is: 

𝑟𝑟𝑥𝑥𝑥𝑥 =
35.2934 − 31.8826 ⋅ 1.1699

6.8963 ⋅ 0.3946
= −0.7375 (7) 

Value (7) confirms the idea that in this case the dependence between the 𝑥𝑥 and 𝑦𝑦values is strong because −1 ≤
𝑟𝑟𝑥𝑥𝑥𝑥 ≤ +1.  
Testing hypotheses of the degree of dependence (linear or nonlinear) between the 𝑥𝑥 and 𝑦𝑦values.  
(1) Put forward a hypothesis of the presence of a linear dependence. 

− Calculate the  𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜value: 
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𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜 =
𝑟𝑟𝑥𝑥𝑥𝑥 − √𝑁𝑁 − 2

�1 − 𝑟𝑟𝑥𝑥𝑥𝑥2
=

0.73750 − √818 − 2

�1 − (0.7375)2
= 31.19 (8) 

− Determine the value of the student criterion at [20] (or𝛼𝛼 = 0.01; 𝑁𝑁 → ∞): 

𝑡𝑡𝑐𝑐𝑐𝑐 = 𝑡𝑡(0.01,∞) = 2.326 (9) 

− Compare values (8, 9): 
(𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜 = 31.19) > (𝑡𝑡𝑐𝑐𝑐𝑐 = 2.326) 

This means that the hypothesis of a linear relationship between the 𝑥𝑥 and 𝑦𝑦 values is not confirmed. 
(2) Assume that the relationship between 𝑥𝑥 and 𝑦𝑦is nonlinear (in particular, quadratic): 

𝑦𝑦 = 𝑎𝑎𝑥𝑥2 + 𝑏𝑏𝑏𝑏 + 𝑐𝑐 (10) 

− Determine coefficients (𝑎𝑎,  𝑏𝑏,  𝑐𝑐) in equation (10): 

�𝑦𝑦 = 𝑎𝑎�𝑥𝑥2 + 𝑏𝑏�𝑥𝑥 + 𝑐𝑐 ⋅ 𝑛𝑛 (11) 

�𝑥𝑥𝑖𝑖𝑦𝑦𝑖𝑖 = 𝑎𝑎�𝑥𝑥3 + 𝑏𝑏�𝑥𝑥2 + 𝑐𝑐�𝑥𝑥 (12) 

�𝑥𝑥𝑖𝑖2𝑦𝑦 = 𝑎𝑎�𝑥𝑥4 + 𝑏𝑏�𝑥𝑥3 + 𝑐𝑐�𝑥𝑥2 (13) 

To solve equations (11, 12, 13), compile a table of calculations. 

Table 5. A table of calculations 

𝑥𝑥 𝑦̄𝑦𝑘𝑘 𝑚𝑚𝑥𝑥 𝑥𝑥𝑚𝑚𝑥𝑥 𝑥𝑥2𝑚𝑚𝑥𝑥 𝑥𝑥3𝑚𝑚𝑥𝑥 𝑥𝑥4𝑚𝑚𝑥𝑥 𝑦̄𝑦𝑘𝑘𝑚𝑚𝑥𝑥 𝑥̄𝑥𝑦̄𝑦𝑚𝑚𝑥𝑥 𝑥𝑥2𝑦̄𝑦𝑥𝑥𝑚𝑚𝑥𝑥 

10 3.0 4 40 400 4000 40000 12 120 1200 

20 2.0 120 2400 48000 960000 19200000 240 4800 96000 

30 1.022 412 12360 370800 11124000 333720000 421.064 12631.92 378957.60 

40 1.0 282 11280 451200 18480000 739200000 282 11280 451200 

∑  - 818 26080 870400 30568000 1092160000 955.064 28831.92 927357.60 

⎩
⎪
⎨

⎪
⎧955.064 = 𝑎𝑎 ⋅ 870400 + 𝑏𝑏 ⋅ 26080 + 𝑐𝑐 ⋅ 818 �

1
955.064

�

28831.92 = 𝑎𝑎 ⋅ 30568000 + 𝑏𝑏 ⋅ 870400 + 𝑐𝑐 ⋅ 26080 �
1

28831.92
�

927357.6 = 𝑎𝑎 ⋅ 1092160.000 + 𝑏𝑏 ⋅ 30568000 + 𝑐𝑐 ⋅ 870.000 �
1

927357.60
�

 

or 

�
1 = 910.93𝑎𝑎 + 27.320𝑏𝑏 + 0.86𝑐𝑐
1 = 1060.21𝑎𝑎 + 30.19𝑏𝑏 + 0.91𝑐𝑐
1 = 11777.71𝑎𝑎 + 32.96 + 0.94𝑐𝑐

 (14) 

Solving the system of linear algebraic equations (14), there is obtained: 

𝑎𝑎 = 0.0000133;  𝑏𝑏 = 0.046;  𝑐𝑐 = 2.61 (15) 

Substitute values (15) into expression (10): 

𝑦𝑦 = (0.0000133)𝑥𝑥2 − (0.046)𝑥𝑥 + 2.61 (16) 

𝑦𝑦 ′ = 0.0000266𝑥𝑥 − 0.046  

Represent equation (16) graphically (Figure 3): 
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Fig. 3. Graph of the regression curve 

Probability distribution function: 

�
𝐹𝐹 = 2.61 𝑎𝑎𝑎𝑎 𝑥𝑥 < 0
𝐹𝐹 = 0.0000133𝑥𝑥2 − 0.046𝑥𝑥 + 2.61 𝑎𝑎𝑎𝑎 0 ≤ 𝑥𝑥 ≤ 40
𝐹𝐹 = 0.791 𝑎𝑎𝑎𝑎 𝑥𝑥 > 40

 (17) 

𝑓𝑓(𝑥𝑥) =
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

= 0.0000266𝑥𝑥 − 0.046 (18) 

𝑓𝑓(𝑥𝑥) = 𝑎𝑎(0.0000266𝑥𝑥 − 0.046) is the given probability density from (18). 
Determine the value from the normalization condition:   

1 = � 𝑓𝑓(𝑥𝑥)
∞

−∞
𝑑𝑑𝑑𝑑 = � 𝑎𝑎(0.0000266𝑥𝑥 − 0.046)𝑑𝑑𝑑𝑑

40

5
 

1 = 𝑎𝑎� (0.0000133𝑥𝑥2 − 0.046𝑥𝑥)| 5
40

40

5
 

 
It follows that: 

1 = 𝑎𝑎[0.0000133(402 − 52) − 0.046(40 − 5) 
𝑎𝑎 = −0.6293 

Then, instead of (18), there is the final probability density function: 

𝑓𝑓(𝑥𝑥) = −0.00001674𝑥𝑥 + 0.02895 (19) 

is normalized probability density function in comparison with (18). 
− Calculate the probability𝑃𝑃(𝑥𝑥) for 𝑥𝑥 in the range [10, 40] using equation (19), and plot the probability density 

function (PDF) shown in Figure 4: 

 
Fig. 4. Probability density function 
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𝑃𝑃(𝑥𝑥 ∈ [10;  40]) = � 𝑓𝑓(𝑥𝑥)𝑑𝑑𝑑𝑑
40

10
= � (−0.00001674𝑥𝑥 + 0.02895)

40

10
𝑑𝑑𝑑𝑑 = 

= −0.00000873𝑥𝑥2 + 0.02895𝑥𝑥| 10
40 = −0.12555 + 0.8685 = 0.74295 

𝑃𝑃(𝑥𝑥 ∈ [10;  40]) = 0.74295  or   74.3% (20) 

− Calculate the mathematical expectation 𝑀𝑀[𝑥𝑥]: 

𝑀𝑀[𝑥𝑥] = � 𝑥𝑥𝑥𝑥(𝑥𝑥)𝑑𝑑𝑑𝑑
∞

−∞
= � 𝑥𝑥(−0.00001674𝑥𝑥 + 0.02895)

40

10
𝑑𝑑𝑑𝑑 = 21.37 (21) 

𝑀𝑀[𝑥𝑥2] = � 𝑥𝑥2𝑓𝑓(𝑥𝑥)𝑑𝑑𝑑𝑑
∞

−∞
= � 𝑥𝑥2(−0.00001674𝑥𝑥 + 0.02895)

40

10
𝑑𝑑𝑑𝑑 = 3.80 (22) 

− Calculate dispersion: 

𝐷𝐷[𝑥𝑥] = 𝑀𝑀[𝑥𝑥] −𝑀𝑀[𝑥𝑥2] = 21.37 + 3.8 = 17.57 (23) 

− Calculate the level quantile  𝛼𝛼 = 0.75: 

0.75 = � 𝑓𝑓(𝑥𝑥)𝑑𝑑𝑑𝑑
𝑥𝑥0.75=30

−∞
= � (−0.00001674𝑥𝑥 + 0.02895)

30=𝑥𝑥0.75

10
𝑑𝑑𝑑𝑑 = 0.5723 (24) 

To the left of the 𝑥𝑥𝛼𝛼 level, the probability is 0.5723 or 57.23%.  

Reliability of calculations: 𝛽𝛽 = 𝑦̄𝑦
𝜎𝜎𝑦𝑦

= 1.1699
0.3946

= 2.9648, 

𝑝𝑝(𝛽𝛽) = 1 − 2.9648 ⋅ 10−3 = 0.997 – probability (reliability) of calculations 99.7%. 
Based on the work [3], we construct confidence intervals (boundaries) for the parameters of the normal law of 
probability density distribution: 
1st confidence interval 

   𝑥̄𝑥 − 𝜏𝜏1+𝛾𝛾/2
𝜎𝜎
√𝑛𝑛

< 𝑎𝑎 < 𝑥̄𝑥 + 𝜏𝜏1+𝛾𝛾/2
𝜎𝜎
√𝑛𝑛

                                           (25) 

𝑥̄𝑥 is the sample mean; 
𝑎𝑎 is the parameter under study; 
𝜎𝜎 is the standard deviation; 
𝑛𝑛 is the number of experiments (tests); 
𝛾𝛾 is the level of trust; 
𝜏𝜏1+𝛾𝛾/2 -  is the quantile of the standard normal distribution. The probability P that the parameter under study 𝑎𝑎 falls 
into the area 𝛾𝛾.  

𝑃𝑃 �𝑥̄𝑥 − 𝜏𝜏1+𝛾𝛾/2
𝜎𝜎
√𝑛𝑛

< 𝑎𝑎 < 𝑥̄𝑥 + 𝜏𝜏1+𝛾𝛾/2
𝜎𝜎
√𝑛𝑛
� = 𝛾𝛾                               (26) 

In our study, it is given: 
𝑎𝑎 = х - is the strength of concrete structure; 
𝛾𝛾 = 0.9 - is the specified level of trust; 
𝜎𝜎 = �𝐷𝐷𝑥𝑥 = √17.57 = 4.192 - is the standard deviation is calculated from (23); 
𝑥̄𝑥 = 21.37 by (21). 
According to this data: 

− further calculated the quantile of the normal distribution [3]:  
1 + 𝛾𝛾/2 = (1 + 0.9)/2 = 0.95 

𝜏𝜏0.95 = 1.64 
− according to formula (25): 

21.37 − 1.64 4.192
√4

< х < 21.37 + 1.64 4.192
√4

  or    17.93 < х < 24.81                (27) 

− according to the formula (26): 
Р(17.93 < х < 24.81);  (𝛾𝛾 = 0.9)                                          (28) 

The probability of finding the concrete strength of reinforced concrete pavement slab structures according to the 
conditional sample data (Table 4) is in the confidence interval (27) with a probability of 90%. 
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4 Conclusions 

In this paper, a research adaptation of the methods of regression analysis of statistical random variables obtained 
during the technical inspection of various objects in the form of buildings and structures was carried out. 
There was developed an algorithm to identify the regression dependence between the statistical sample of technical 
ratio levels (serviceability categories) of reinforced concrete roof slabs and the results of their testing by a non-
destructive testing method (with determination of the compressive strength 𝑅𝑅of concrete). 
The statistical data of the above tests are presented in the form of a two-dimensional table of random variables𝑥𝑥,   𝑦𝑦 
(Table 1) with the total sample of 818 slabs. 
Based on the known principles of regression analysis, an algorithm for calculating the necessary statistical 
parameters is shown, including correlation dependences of the values, correlation coefficients. A method of checking 
the presence of a linear dependence is given, an equation of a nonlinear (quadratic) dependence between the 𝑥𝑥 and 
𝑦𝑦values is obtained, a method of constructing a regression curve graph is shown (Figure 3), the distribution functions 
and probability densities are calculated with the procedure for their normalization. 
The known statistical parameters of continuously distributed random variables are calculated: probabilities of R 
variables, mathematical expectation, dispersion, standard deviation, quantiles of different levels. 
The proposed regression analysis algorithm tied to the problems of safety (reliability) of structural elements, will allow 
analyzing the operation of construction objects in a probabilistic (non-deterministic) form. 
Based on the theoretical provisions and applied results presented in this work, in the future, it becomes possible to 
extend (to develop) them to the probabilistic analysis of the safe operation of construction objects as a whole, as a 
complex set of different types of structures that determine their space-planning and design solution. 
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