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Abstract: Using the method of binary logistic regression, the dependence of dichotomous variables on one or more, quantitative or 

qualitative independent variables is studied. In order to solve problems with binary dependent variables, binary choice model estimation 

methodologies, such as logistic regression (logit) and probit regression (probit), can be implemented. The logistic model is based on the 

logistic distribution, while the probit model is based on the normal distribution. In this paper the binary logistic regression methodology is 

applied for obtaining defect-free welds by electron beam welding process, based on experimental data. 
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1. Introduction 

Usually, the values of dichotomous variables are related to the 

probability of an event, which occurs depending on the independent 

variables under study. Using the method of binary logistic 

regression, the dependence of the dichotomous variables (binary, 

when they can be classified into two categories) on one or more 

independent variables can be studied. These independent variables 

can be both quantitative and qualitative [1, 2]. An alternative 

method of statistical research for binary dependent variables is the 

discriminant analysis [3], which also allows to assess the belonging 

of the variables to selected groups. The application of discriminant 

analysis assumes that the distribution of the independent variables is 

normal. For the application of logistic regression, this condition is 

not necessary, while at the same time the results are comparable to 

those of the discriminant analysis [1, 4]. 

Electron beam welding (EBW) is an advanced method of 

production of high-quality joints by local melting and solidification 

of the material, applied for a wide range of industrial applications: 

aerospace, automotive, defence, semiconductor, medical, nuclear, 

oil & gas, power generation and a variety of other industries. EBW 

is the most common method among special welding methods [5, 6]. 

The aim of the present work is to implement a model-based 

approach for the prediction of the presence of defects, depending on 

the variation of the electron beam process parameters – electron 

beam power, welding velocity, the distances from the magnetic lens 

to the surface of the treated stainless-steel samples and to the focus 

of the electron beam. It is assumed that the appearance of defects is 

more probable under some regime conditions [7], which can be 

defined as unfavourable. For the definition of these process 

parameter areas a logistic model is estimated and applied for the 

prediction of the optimal regime conditions of electron beam 

welding.  

2. Binary logistic regression 

Logistic model estimation is a methodology for modelling 

dichotomous variables (binary choice) and is based on the logistic 

distribution, while the probit model is based on the normal 

distribution. These models are similar and often the obtained results 

are also similar. The cumulative logistic distribution function is: 

 1                           𝐹 𝑥 =
1

1 + 𝑒𝑥𝑝 −
𝑥 − 𝜇
𝑠

 
. 

It is assumed that the dichotomous variable y is transformed 

into a continuous variable 𝑦 𝑛 , which is estimated to represent the 

probability of the occurrence of one of the two events y = 1 or y = 

0. For the event y = 1 the transformed 𝑦 𝑛  is: 

 2                           𝑦 𝑛 =  𝑃(у =  1𝑥).  

The variable 𝑦 𝑛  is unobservable (latent), continuous in the range 

(0, 1), and the decision corresponding to the value yi = 1 is made 

when 𝑦 𝑛  exceeds a certain threshold value  (usually a threshold 

value of   = 0.5 is accepted). 

The general representation of the logit model is the following: 

 3           𝑙𝑜𝑔𝑖𝑡 𝑥 = 𝛬 𝑥 = 𝑙𝑛  
𝑃(𝑦 = 1𝑥)

1 − 𝑃(𝑦 = 1𝑥)
 

= 𝑏0 + 𝑏1𝑥1 + 𝑏2𝑥2 + ⋯+ 𝑏𝑛𝑥𝑛 . 

In the obtained model, the coefficients bi are estimated using the 

maximum likelihood method [3]. The estimated model, besides the 

first order terms, can be augmented with interaction terms or higher 

order terms. 

An inverse transformation to a binary predicted value is 

performed by the link function, which is the cumulative function of 

the logistic distribution. A solution for 𝑦 𝑛  is obtained: 

 4            𝑦 𝑛 𝑥 = 𝑃 у = 1𝑥 =
1

1+𝑒−𝑿 =
𝑒𝑿

1+𝑒𝑿 .           

where 𝑋 = 𝑏0+𝑏1𝑥1 + 𝑏2𝑥2 + ⋯+ 𝑏𝑛𝑥𝑛 . The solution, 

corresponding to the value yi = 1 is received, when 𝑦 𝑛  exceeds the 

accepted threshold value  from 0 to 1 (typically  = 0.5). Then for 

the predicted value of the output characteristic is obtained: 

 5            𝑦 (𝑥) =  
1,   if 𝑦 𝑛(𝑥) ≥ 𝛿
0,    if  𝑦 𝑛(𝑥) < 𝛿

 , 
where  is the defined е threshold value ( = 0.5). 

3. Case study 

An experiment (81 trials [7]) of electron beam welding of 

stainless-steel samples of type 1H18NT was conducted. The 

accelerating voltage was 70 kV. The experiments were performed 

with beam power values of P = 4.2, 6.3 and 8.4 kW and welding 

velocity of v = 80 cm/min, 20 cm/min and 40 cm/min, with three 

values of the parameter z0 (the distance from the main surface of the 

magnetic lenses of the electron gun to the focus of the electron 

beam): 176 mm, 226 mm and 276 mm and the distance between the 

magnetic lenses and the surface of the sample (zp) for different 

values between 126 mm and 326 mm. 

The measured weld quality characteristics were: the area of the 

weld cross-section, the depth and the width of the weld the presence 

of one or two defects is detected. The requirements for the geometry 

parameters of the welds differ, depending on the technological 

requirements. Nevertheless, there is a constant requirement for the 

absence of defects in the welded joints. The presence or absence of 

defects can be predicted, assuming that this depends on the 

considered process parameter values.  

Based on the logistic regression, several models are compared 

(with only first order terms, with interaction terms and higher order 

terms) by the deviance R2, adjusted deviance R2 and Akaike 

Information Criterion (AIC), indicating how well different models 

fit the experimental data. 

INTERNATIONAL SCIENTIFIC JOURNAL "INDUSTRY 4.0" WEB ISSN 2534-997X; PRINT ISSN 2534-8582

9 YEAR VIII, ISSUE 1, P.P. 9-11 (2023)



The following best model for the presence of defects in the weld 

(absence y = 0, presence y = 1), depending on the electron beam 

process parameters – electron beam power (P), welding velocity (v), 

the distances from the magnetic lens to the surface of the treated 

stainless-steel samples (zp) and to the focus of the electron beam 

(z0), was obtained: 

𝛬 𝑥 = 165.3 − 27.0𝑃 − 1.297𝑣 − 0.561𝑧0 − 0.781𝑧𝑝  

− 0.412𝑃2 − 0.000381𝑧𝑝
2 + 0.2281𝑃𝑣 + 0.0883𝑃𝑧0  

+ 0.1557𝑃𝑧𝑝 + 0.000797𝑣𝑧0 + 0.00579𝑣𝑧𝑝 + 0.00267𝑧0𝑧𝑝  

     − 0.001196𝑃𝑣𝑧𝑝 − 0.000429𝑃𝑧0𝑧𝑝  

The estimated model, besides the first order terms, was 

augmented with interaction terms and higher order terms, for which 

likelihood ratio test was performed. The current model has a 

deviance R2 value of 46.02%, an adjusted R2 value of 30.15%, and 

an AIC of 77.64. Higher values of deviance R2 and adjusted 

deviance R2 indicate a better fit. Smaller values of Akaike 

Information Criterion (AIC) indicate a better fit. Another link 

function or another modelling approach might have better fit 

statistics. 

The Pearson, deviance, and Hosmer-Lemeshow goodness-of-fit 

tests [2] indicate that the null hypothesis of an adequate fit is 

accepted (p-values are larger than the accepted  significance level 

of 0.05) – consequently there is insufficient evidence to claim that 

the model does not fit the data adequately. The results from the 

goodness-of-fit tests are presented in Table 1. 

Table 1: Goodness-of-fit tests. 

Test Degrees of 

freedom 
2 p-value 

Deviance 66 47.64 0.957 
Pearson 66 43.99 0.983 
Hosmer-Lemeshow 8 1.90 0.984 

 

4. Results and discussion 

Table 2 presents the classification table, which reflects the 

number of correctly classified positive observations - TP (True 

Positives), correctly classified negative observations - TN (True 

Negatives), positive observations, classified as negative (error type 

I) - FN (False Negatives), negative observations, classified as 

positive (type II error) - FP (False Positives). 

Table 2: Classification table. 

Observations 
Predicted values 

Quantity 
Positives y  = 1 Negatives 𝑦  = 0 

Positives 𝑦𝑖  = 1 TP = 12 FN = 7 19 

Negatives 𝑦𝑖  = 0 FP = 5 TN = 57 62 

Total 17 64 81 

 

From the table, it can be seen that the number of correctly 

predicted positive results (𝑦  = 1) is 12 out of a total of 19 

observations 𝑦𝑖 = 1, and the number of correctly predicted negative 

results (𝑦  = 0) is 57 out of a total of 62 observations. 

With the obtained classification data, relative characteristics and 

indicators for the accuracy of the estimated logistic regression 

model were determined. They are presented in Table 3. 

The relative number of correctly predicted positive cases is 

63.16%, and the relative number of correctly predicted negative 

cases is 91.94%, or the average value of observations correctly 

predicted by the model is 77.55%. 

   The accuracy ACC = 85.19% of the binary regression logistic 

model is relatively high and it can be said that the estimated logistic 

regression model can be used for prediction purposes. 

 

Table 3: Indicators for the accuracy of the logistic model. 

Indicator Value % 

True positives rate TPR = TP/(TP + FN) = 0.631579 63.16 

True negatives rate TNR = TN/(TN + FP) = 0.919355 91.94 

False positives rate FPR = FP/(TN + FP) = 0.080645 8.06 

False negatives rate FNR = FN/(TP + FN) = 0.368421 36.84 

Sensitivity Se = TPR = 1 – FNR = 0.631579 63.16 

Specificity Sp = TNR = 1 – FPR = 0.919355 91.93 

Positive predictive 

value 
PPV = TP/(TP + FP) = 0.705882 70.59 

Negative predictive 
value 

NPV = TN/(TN + FN) = 0.890625 89.06 

Accuracy 
𝐴𝐶𝐶 =

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
= 

                                               0.851852 

85.19 

 

The estimated logistic model is implemented for the 

investigation of the dependence of the predicted value of the 

transformed continuous output for the defect appearance 𝑦 𝑛 𝑥  on 

process parameter variation of the electron beam welding of 

stainless-steel samples of type 1H18NT.  Fig. 1 presents a contour 

plot 𝑦 𝑛 𝑥  depending on the electron beam power P and the 

welding velocity v for constant values of the other two process 

parameters – the distance from the main surface of the magnetic 

lenses of the electron gun to the focus of the electron beam - 𝑧0 = 

226 mm and the distance between the magnetic lenses and the 

surface of the sample - 𝑧𝑝  = 226 mm. These constant distances 

define a position of the focus of the beam exactly on the surface of 

the treated sample. 

If the accepted threshold value is  = 0.5), it can be seen that the 

defects will appear (𝑦 𝑛 𝑥  = 1) for values of the electron beam 

power between 5.6 kW and 7.5 kW and for welding velocities in the 

region from 20 cm/min to 25 cm/min. 

 
Fig. 1 Contour plot of 𝑦 𝑛 𝑥  depending on the electron beam power P and 

the welding velocity v for  𝑧0 = 226 𝑚𝑚 and 𝑧𝑝 = 226 𝑚𝑚. 

 

    
Fig. 2 Contour plot of 𝑦 𝑛 𝑥  depending on the electron beam power P and 

the welding velocity v for  𝑧0 = 226 𝑚𝑚 and 𝑧𝑝 = 276 𝑚𝑚. 
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Fig. 2 presents a contour plot of the continuous output for the 

defect appearance 𝑦 𝑛 𝑥  as a function of the electron beam power P 

and the welding velocity v for constant values of the distances 𝑧0 = 

226 mm and 𝑧𝑝  = 276 mm. These constant distances define a 

position of the focus of the beam above the surface of the treated 

sample. It can be seen that the defects will appear (𝑦 𝑛 𝑥  = 1) for 

values of the electron beam power between 7.7 kW and 8.4 kW and 

for very small welding velocities in the region from 20 cm/min to 

21 cm/min. 

 

    
Fig. 3 Contour plot of 𝑦 𝑛 𝑥  depending on the electron beam power P 

and the welding velocity v for  𝑧0 = 226 𝑚𝑚 and 𝑧𝑝 = 176 𝑚𝑚. 

 

In Fig. 3 a contour plot of the continuous output for the defect 

appearance 𝑦 𝑛 𝑥  as a function of the electron beam power P and 

the welding velocity v for constant values of the distances 𝑧0 = 226 

mm and 𝑧𝑝  = 176 mm is presented. These constant distances define 

a position of the focus of the beam below the surface of the treated 

sample. It can be seen that the defects will appear (𝑦 𝑛 𝑥  = 1) for a 

wide range of process parameter values - for electron beam powers 

from 4.2 kW to 6.2-7 kW and for welding velocities in the whole 

region from 20 cm/min to 80 cm/min. 

5. Conclusions 

In this paper the binary logistic regression methodology is 

applied for obtaining defect-free welds by electron beam welding 

process, based on experimental data, and depending on the 

following process parameters: electron beam power, welding 

velocity, the distances from the magnetic lens to the surface of the 

treated stainless steel samples and to the focus of the electron beam. 

The estimated binary logistic model is used for the investigation 

of the influence of these parameters and the definition od the areas, 

where the defect appearance is expected. The obtained results show 

that at a distance between the magnetic lens and the focus of the 

electron beam of 𝑧0 = 226 mm the defect appearance is most 

probable for a focus position below the surface of the stainless steel 

samples. On the other hand, a position of the electron beam on the 

sample surface or above the sample surface will result in defect 

appearance for small welding velocities - below 24 cm/min or 21 

cm/min correspondingly. 

Further optimization of the process electron beam welding can 

be done by integration of different technological requirements for 

the geometry of the welded joints with the additional constraint for 

the absence of defects. Multicriterial parameter optimization 

methods can be applied for the simultaneous fulfillment of all 

requirements for all quality characteristics. 
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