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A B S T R A C T

Introduction. Investigating the statistical relationships between milling parameters and surface roughness 
requires a correct selection of the sample size, as amplitude parameters and form parameters respond differently to 
data limitations. The reliability of correlation-regression analysis depends on meeting the assumptions of normality 
and the stability of the estimates, making the determination of the minimum number of observations essential for 
constructing reliable surface roughness models. The purpose of this work is to develop a methodology for estimating 
the minimum sample size required to build statistically significant correlation-regression models that describe the 
relationship between the technological parameters of the milling process and surface roughness characteristics, 
ensuring statistical reliability of the results and enabling accurate prediction of machined surface quality. 
Methodology. The normality of the surface roughness parameter distributions after milling was assessed using 
the Shapiro–Wilk, Anderson–Darling, and Pearson’s chi-squared tests. Multicollinearity among the technological 
factors was analyzed using the variance inflation factor (VIF), while the adequacy of the regression models was 
verified using the mean absolute error (MAE) and root mean square error (RMSE) metrics. The minimum required 
sample size was determined by considering statistical test power and Fisher’s z-transformation. Results and 
discussions. The analysis of pairwise correlation coefficients revealed that amplitude roughness parameters exhibit 
stable relationships even at n = 16, while profile shape parameters (Rsk, Rku) are characterized by weak or negative 
correlations and require a substantially larger sample size. The constructed matrix of the minimum number of 
observations confirms that for a number of relationships, especially those involving Rsk, hundreds of measurements 
are necessary, which justifies the selection of the most informative parameter combinations. Increasing the sample 
size to n = 128 reduces estimation bias, stabilizes the correlations for amplitude parameters, and reveals a weakening 
of the relationships for Rsk and Rku. Rank correlation analysis confirmed a monotonic dependence between Rz and 
Rt and the independence of Rsk from amplitude characteristics. The verification of the normality of the distributions 
and the absence of multicollinearity among the factors ensured the validity of the constructed regression models, 
which demonstrated high accuracy and consistent error behavior.

For citation: Gimadeev M.R., Stelmakov V.A., Uliskov M.V. Minimum sample size requirements for reliable correlation-regression modeling 
of surface roughness in milling. Obrabotka metallov (tekhnologiya, oborudovanie, instrumenty) = Metal Working and Material Science, 2026, 
vol. 28, no. 1, pp. 64–80. DOI: 10.17212/1994-6309-2026-28.1-64-80. (In Russian).
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Introduction

Investigation of the relationship between milling process parameters and surface roughness is key to 
ensuring the required machining quality and predicting the performance of machine parts [1]. Surface 
roughness parameters, including asymmetry (skewness) (Rsk) and profile excess (kurtosis) (Rku), have a 
significant impact on tribological properties [2–4].

Traditional parameters Ra and Rz are insufficient for a complete assessment of the tribological properties 
of surfaces, since they do not reflect the features of the distribution of microroughnesses. In contrast, the 
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profile shape parameters Rsk and Rku show a more stable relationship with friction and wear characteristics, 
which is confirmed by several studies [5–7]. These parameters are considered to be the most informative 
for working surfaces operating under sliding friction conditions, for base and supporting surfaces, etc. 
It is noted that negative values of Rsk, as a rule, are combined with increased values of Rku, forming a 
microrelief that helps to reduce the friction coefficient [8], even with relatively high values of the amplitude 
parameters of roughness.

Statistical methods are used for quantitative analysis of parameter dependencies, among which cor-
relation analysis remains one of the most widely used [6–9]. However, it is important to take into account 
that correlation coefficients, especially the Pearson coefficient, are often applied to an extremely limited 
number of observations, which reduces the reliability of the results.

The correctness of the application of parametric methods (Pearson’s correlation coefficient, linear re-
gression, etc.) presupposes the conformity of the distribution of analyzed variables and residuals of the 
regression models to a normal law. This is because statistical tests of significance, confidence intervals, and 
p-values in parametric methods are derived under the assumption of normality. In the case of significant 
deviations from the normal distribution, the results of parametric methods may be incorrect, which requires 
preliminary testing of distributions or the use of alternative non-parametric ones. Several criteria are used 
to solve this problem: Shapiro-Wilk’s [10], which is characterized by high power for medium sample sizes 
and allows reliable detection of deviations from the normal law; Anderson-Darling’s [11], which has in-
creased sensitivity to variation in distribution tails, making it particularly useful in analyzing data with rare 
but significant outliers; and Pearson’s, providing an interval estimate of agreement between observed and 
expected distributions. This combination of criteria allows a comprehensive assessment of the normality of 
the distribution of parameters, ensures high reliability of statistical conclusions, and eliminates the risk of 
erroneous interpretation of data.

In modern studies, correlation analysis is supplemented by regression modeling [12], which allows one 
not only to evaluate the strength and direction of the relationship between variables, but also to construct 
equations for the dependence of process parameters on roughness indicators. At the same time, the analysis 
of residuals of regression models ensures verification of the adequacy of the obtained dependencies and 
clarification of the significance of individual factors [13]. An additional tool for increasing the reliability of 
regression analysis is the variance inflation factor (VIF) [14], which shows how much the dispersion of the 
regression coefficient estimate increases due to the correlation of the independent variable (predictor) with 
others, and is used as one of the key tools for identifying multicollinearity.

Particular attention in the field of metal cutting is paid to the issue of minimum sample size [15–17] 
required for correlation and regression analysis. Insufficient data can lead to model overfitting or distortion 
of conclusions, while excessive data can lead to unjustified resource costs. For technological milling pro-
cesses, this problem has practical significance, since these operations are often used in machining, includ-
ing of complex surfaces [18, 19], and require control of quality parameters. In this regard, an urgent task is 
to determine the optimal number of observations that ensures statistical reliability of the results when using 
Pearson’s (r) [20] and Spearman’s (ρ) correlation coefficients.

The purpose of this work is to develop an approach to determining the minimum sample size required 
to construct statistically significant correlation-regression models describing the relationship between the 
technological parameters of the milling process and the characteristics of surface roughness, ensuring the 
statistical reliability of the results and the ability to adequately predict the quality of the machined surface.

To achieve this purpose, the following tasks must be solved:
− to develop a methodological approach to determining the minimum required sample size necessary to 

ensure the statistical reliability of the results obtained;
− to analyze the influence of the number of observations on the stability of regression coefficients, the 

accuracy of approximation, and the magnitude of prediction errors;
− to formulate practical recommendations for selecting a sufficient sample size to solve applied problems 

of technological process analysis.
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Research methodology

Methodology for statistical evaluation of data. In the study, normality is tested using several 
complementary criteria:

− The Shapiro–Wilk test allows one to establish the degree to which the sample conforms to the normal 
distribution through a linear combination of order statistics:
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where y(i) are the ordered sample values; yi is the observable value; ȳ is the average value; ai are the coef-
ficients depending on the covariance matrix of the normal distribution;

− The Anderson–Darling test is a modification of the Kolmogorov–Smirnov test that gives more weight 
to the tails of the distribution:

( ) ( )( )2

=1

1 2 1 1( ) ( )( )= −
 − − − + − ∑ i n+1 i

n

i
A n i lnF x ln F x

n
,

where F(x) is the normal cumulative distribution function;
− Pearson’s chi-squared test is based on a comparison of observed and expected frequencies across 

intervals:
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where Oi is the observed frequency in the i-th interval; Ei is the expected frequency in the i-th interval; k is 
the number of intervals.

Multicollinearity of predictors remains a significant factor that can distort the results of the analysis. To 
identify and quantify it, the variance inflation factor (VIF) is used:
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where R2 is the coefficient of determination shows what proportion of the variation in the dependent vari-
able is explained by the model based on the independent variables [21].

If we denote residuals as y−i i ie = y  , where ŷi are the predicted values, then:
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To simultaneously assess the quality of the explanation and the accuracy of the prediction, error metrics 
are used to verify the adequacy of the model [22]: 

− Mean absolute error (MAE):
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− Square root of mean square error (RMSE) [23]:

=1

1 .= ∑
n

i
i

RMSE e
n

Vol. 28 No. 1 2026



OBRABOTKA METALLOV technology

Vol. 28 No. 1 2026

Because the RMSE function is smooth and differentiable, optimal regression coefficients can be 
analytically derived. For a simple linear model:

yi = β0 + β1xi + εi,

where xi is the predictor; β0 and β1 are the model parameters; εi is the random error.
Residuals are defined as ( )0 1+ .β β− ii i xe = y  The RMSE function is written as:
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Then the RMSE gradient according to the model parameters obtained through the chain rule has the 
form:
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Thus, the smoothness and differentiability of the RMSE function provide the possibility of analytically 
finding optimal regression coefficients and using gradient methods for their estimation.

To calculate the required sample size for a study, a formula is used based on the requirements for 
accuracy, confidence level, and expected variability of the data. The formula for an infinite population is: 

2
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where n is the sample size; Z is the quantile of the standard normal distribution corresponding to the confi-
dence level; p is the expected proportion or probability.

E is the permissible error, which decreases with the number of observations:
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where Z1–α/2 is the quantile corresponding to the significance level α; σ is the standard deviation.
When the population size (N) is known, the sample size is reduced to account for the limited scale. Then 

a more precise formula for a finite population is used:
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When estimating correlation, the sample size also depends on the expected magnitude of the correlation 
(r). The formula can be adapted to use the power of the test [16, 17] (1 – β) and level of significance (α):
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where Z1–β is the quantile corresponding to the test power.
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It should be noted that this formula gives only an approximate estimate and does not take into account 
the nonlinearity of the correlation coefficient distribution. A more accurate calculation of the sample size 
when testing a correlation hypothesis is usually performed on the basis of the Fisher transformation, which 
allows the correlation coefficient to be converted into a normally distributed value and thereby ensure the 
accuracy of the statistical estimate: 
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At the same time, for a finite population, the following correction is applied:
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In order to calculate the significance level and power quantiles, it is necessary to calculate a value such 
that a given proportion of the standard normal distribution lies below it. This is achieved using the percent 
point function (PPF), which is the inverse of the cumulative distribution function (CDF):

− for a continuous distribution: ( ) ( ) ( )
x

F x P X x f t dt
−∞

= ≤ = ∫ . Here F(x) is the CDF, the value of the 

distribution function for a point x, P (X ≤ x) is the the probability that X is less than or equal to x, f(t) is the 
probability density function (PDF).

− for a discrete distribution: ( ) ( ) ( )F x P X x X t
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specific value t.
For a standard normal distribution, with mean = 0 and the standard deviation = 1, the CDF value is 

calculated as:
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where eln is the base of natural logarithm.
The minimum sample size calculations above are based on Pearson’s parametric correlation coefficient, 

since it assumes a linear relationship between variables and requires that the data be normally distributed. 
However, in practical applications, it is important to consider that the actual distribution of roughness 
parameters may vary depending on the sample size and measurement conditions.

Details of the experiment. Experimental studies were carried out on a DMC 635V machining center, 
where study objects – surface samples for roughness parameter analysis – were obtained. The objects were 
made of AISI 321 stainless steel with a chemical composition in wt.%: C ≤ 0.12; Si ≤ 0.8; Mn ≤ 2.0; P ≤ 
0.035; S ≤ 0.02; Ni 9–11; Cr 17–19; Ti < 0.8; Fe — balance. The cutting tool material used was carbide with 
a multilayer PVD coating and a fine-grained substrate.

When planning the experiment, a 2³ full factorial design with two center points and two replicates was 
used, which ensured the reliability of the statistical assessment (Table 1). The following factors were con-
sidered: tool diameter (D = 6–12 mm), edge inclination angle (γ = 10–50°), and feed per tooth (fz = 0.1–0.5 
mm/tooth). The center points were chosen to test the linearity or nonlinearity of the response, taking into 
account the applied parameters and increasing the reliability of the statistical estimate due to additional 
observations in the middle of the range.

This design allows obtaining representative data on the influence of milling parameters on the formation 
of surface roughness. 
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Roughness measurement and selection of base length. Roughness measurements after milling were 
carried out using a SURFCOM 1800D profilometer [20] with a 50% Gaussian filter. In general, the base 
length is selected based on Ra and Rz value ranges according to ISO 4288:1996. In this work, following 
the recommendations for measuring periodic profiles, the Rsm parameter was used with the following 
ranges: for 0.13 < Rsm ≤ 0.4 mm, the base length lr = 0.8 mm; for 0.4 < Rsm ≤ 1.3 mm, the base length  
lr = 2.5 mm, and the evaluation length L was 5lr.

It should be noted that the use of the Rz parameter to estimate the periodic surface profile is methodolog-
ically incorrect. This indicator reflects only the amplitude characteristics of the irregularities and does not 
take into account the regularity of the structure, which leads to distortion in the interpretation of the results. 
The chosen base length lr = 0.8 mm for all measurements could have increased the bias effect, reducing 
the reliability of the obtained data. Thus, the measurement results in the range 1.6 < Rz < 12.5 μm cannot 
be considered fully correct and require clarification using more adequate parameters for periodic profiles.

The presence of repeating elements in the roughness profile may be due to tool wear, vibrations, or 
various technological defects [19]. Therefore, before choosing a base length, it is necessary to ensure that 
the analyzed profile is periodic. In particular, in this work, in milling, the surface roughness profile is con-
sidered as a kinematic-geometric projection of the tool shape obtained in finishing machining operations.

Results and discussion

This section presents the results of a statistical analysis of surface roughness parameters, including an 
assessment of correlations, a sample size adequacy check, an analysis of profile shape parameter distributions, 
and the construction of regression models. This approach allows for a comprehensive assessment of the 
data structure, the identification of consistent relationships, and the determination of the informative value 
of individual parameters.

T a b l e  1

Experiment matrix n = 16

No. Tool diameter D, mm Inclination angle γ, ° Feed per tooth fz, mm/tooth

Full factorial design 23

1 6 10 0.1
2 6 10 0.5
3 6 50 0.1
4 6 50 0.5
5 12 10 0.1
6 12 10 0.5
7 12 50 0.1
8 12 50 0.5

Center points with two replicates
9 8 30 0.3

10 10 30 0.3
11 8 30 0.3
12 10 30 0.3

Additional replicates of extreme combinations
13 6 10 0.1
14 12 50 0.5
15 6 50 0.5
16 12 10 0.1
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Table 2 presents the paired Pearson correlation coefficients between the surface roughness parameters 
for a sample size of n = 16. The obtained values demonstrate a high degree of interrelation between the am-
plitude parameters, which confirms their linear dependence and the commonality of the formation mecha-
nisms. The parameters characterizing the shape of the profile (Rsk and Rku) exhibit negative or moderate 
correlations with amplitude characteristics, which indicates their independence and different sensitivity to 
the profile structure.

T a b l e  2

Pearson correlation coefficients (α = 0.01, n = 16)

Ra Rq Rz Rp Rt Rc Rv Rsm Rsk Rku

Ra 1 0.99 0.99 0.99 0.97 0.99 0.99 0.94 −0.22 −0.63
Rq 0.99 1 0.99 0.99 0.97 0.99 0.99 0.94 −0.23 −0.63
Rz 0.99 0.99 1 0.98 0.98 0.99 0.99 0.94 −0.25 −0.62
Rp 0.99 0.99 0.98 1 0.94 0.99 0.99 0.91 −0.12 −0.57
Rt 0.97 0.97 0.98 0.94 1 0.98 0.98 0.95 −0.43 −0.66
Rc 0.99 0.99 0.99 0.99 0.98 1 0.99 0.95 −0.25 −0.63
Rv 0.99 0.99 0.99 0.99 0.98 0.99 1 0.94 −0.25 −0.62
Rsm 0.94 0.94 0.94 0.91 0.95 0.95 0.94 1 −0.38 −0.81
Rsk −0.22 −0.23 −0.25 −0.12 −0.43 −0.25 −0.25 −0.38 1 0.57
Rku −0.63 −0.62 −0.62 −0.57 −0.66 −0.63 −0.62 −0.81 0.57 1

To assess the sufficiency of the sample size for identifying statistically significant correlation coeffi-
cients, the minimum number of observations was calculated; the results are presented in Table 3.

T a b l e  3

Minimum sample size for statistically significant Pearson’s r correlation coefficients

Anticipated correlation coefficient

Significance level α
0.05 0.01

Statistical power 1−β
0.80 0.90 0.8 0.9

0.10 785 1051 1168 1488
0.15 349 467 520 662
0.20 197 263 292 372
0.25 126 169 187 239
0.30 88 117 130 166
0.35 65 86 96 122
0.40 50 66 73 93
0.45 39 52 58 74
0.50 32 43 47 60
0.55 26 35 39 50
0.60 22 30 33 42
0.65 19 25 28 36
0.70 17 22 24 31
0.75 14 19 21 27
0.80 13 17 19 24
0.85 11 15 17 21
0.90 10 13 15 19
0.95 9 12 13 17

Vol. 28 No. 1 2026
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T a b l e  4

Matrix of minimum required sample sizes calculated from Pearson’s correlation coefficients  
for roughness parameters

Ra Rq Rz Rp Rt Rc Rv Rsm Rsk Rku

Ra * 11 11 11 11 11 11 12 218 27
Rq 16 * 11 11 11 11 11 12 199 27
Rz 16 16 * 11 11 11 11 12 169 28
Rp 16 16 16 * 12 11 11 13 730 33
Rt 16 16 16 17 * 11 11 12 57 25
Rc 16 16 16 16 16 * 11 12 169 27
Rv 16 16 16 16 16 16 * 12 169 28
Rsm 17 17 17 18 17 17 17 * 73 17
Rsk 308 282 239 1034 81 239 239 104 * 33
Rku 38 38 39 46 35 38 39 23 46 *

* values above the diagonal are for significance level α = 0.05; values below the diagonal are for α = 0.01.*

The analysis shows that the minimum sample size depends significantly on the expected value of the 
correlation coefficient, the significance level and the power of the test. Thus, for weak correlations (r ≤ 0.2), 
the required number of observations reaches the hundreds, whereas for moderate and strong relationships 
(r ≥ 0.4), a sample of several dozen measurements is sufficient.

The minimum sample size matrix (Table 4) allows for a visual comparison of the required amount of 
data for different pairs of roughness parameters.

For most amplitude parameters, 16 observations are sufficient, but for parameters related to the shape of 
the profile, the sample size required increases significantly, which confirms their high sensitivity to statisti-
cal stability. For example, for the correlation of Rsk with Rp, the calculated sample size reaches 1,034 at 
α = 0.01, which makes conducting such a large-scale experiment practically impossible under production 
conditions. This highlights the need to find a compromise approach to reduce sample size requirements 
while maintaining statistical robustness. In this regard, it is advisable to focus on measurements for the most 
informative relationships – specifically, the correlations of Rsk with Rz, Rt, and Rsm. For these pairs, the 
required sample size (at α = 0.01: 39, 81, and 104 observations, respectively) remains labor-intensive but 
realistic. This choice allows for a balance between statistical reliability and resource constraints, providing 
sufficient data to analyze the effect of milling process parameters on roughness parameters.

It is important to consider established criteria for statistical validity. To build statistically significant 
models, the permissible error is taken as E ≈ 1–3%, and at α = 0.01, the required sample size is n = 128. 
This value ensures sufficient accuracy of coefficient estimates and predictions without excessively increas-
ing the sample size.

At the same time, two of the most common and standardized indicators in roughness assessment practice 
are Ra and Rz, which should be subjected to separate testing to confirm the correctness of the results 
obtained. The parameters Ra and Rz are sensitive to the number of observations; with a small sample size, 
their values may be overestimated due to the influence of individual data points (Fig. 1).

As the amount of data increases, there is a tendency for the expected values (M) of the parameters Ra 
and Rz to decrease. This is because adding new measurements reduces the impact of outliers and forms a 
more representative picture of the surface structure. However, assessing the robustness of individual pa-
rameters as the sample size increases requires not only analyzing their average values, but also checking the 
relationships between them with a statistically sufficient amount of data.
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For this purpose, a matrix of paired Pearson correlation coefficients was calculated (Table 5), which 
corresponds to the previously established minimum number of observations required to obtain reliable es-
timates. The obtained values make it possible to assess the degree of linear dependence between the rough-
ness parameters and confirm the stability of the identified relationships with the required sample size.

Fig. 1. Distribution of the surface roughness parameters Ra and Rz

T a b l e  5

Pearson’s correlation coefficients (α = 0.01, n = 128)

Ra Rq Rz Rp Rt Rc Rv Rsm Rsk Rku

Ra 1 0.99 0.99 0.98 0.98 0.99 0.97 0.91 −0.11 −0.32
Rq 0.99 1 0.99 0.99 0.99 0.99 0.98 0.91 −0.12 −0.30
Rz 0.99 0.99 1 0.99 0.99 0.99 0.99 0.89 −0.15 −0.25
Rp 0.98 0.99 0.99 1 0.99 0.99 0.97 0.88 −0.07 −0.26
Rt 0.98 0.99 0.99 0.99 1 0.99 0.99 0.89 −0.16 −0.24
Rc 0.99 0.99 0.99 0.99 0.99 1 0.98 0.91 −0.12 −0.27
Rv 0.97 0.98 0.99 0.97 0.99 0.98 1 0.88 −0.25 −0.22
Rsm 0.91 0.91 0.89 0.88 0.89 0.91 0.88 1 −0.13 −0.32
Rsk −0.11 −0.12 −0.15 −0.07 −0.16 −0.12 −0.25 −0.13 1 −0.33
Rku −0.32 −0.30 −0.25 −0.26 −0.24 −0.27 −0.22 −0.32 −0.33 1

For a sample size of n = 16, the correlation estimates between roughness parameters appear inflated. 
Many correlations appear extremely strong (Rsm and Rku = −0.81), whereas when the sample size is in-
creased to n = 128, most amplitude relationships remain strong, but several pairs weaken significantly or 
change sign (especially pairs involving Rsk and Rku). This indicates the instability of the estimates ob-
tained from a smaller sample, due to the influence of individual outliers and heterogeneity of subsamples –  
a statistically expected outcome, since increasing n reduces the variance of the correlation estimates.

For the strongest interactions at n = 128, the following correlation equations were obtained, expressed 
in terms of the parameters Ra and Rz:

Ra = –0.0763 + 0.2412Rz;    Rz = 0.5593 + 4.0352Ra;

Rq = –0.0803 + 0.2820Rz;    Rq = 0.0274 + 1.1609Ra;

Vol. 28 No. 1 2026
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Rp = 0.0991 + 0.5868Rz;    Rp = 0.4055 + 2.3779Ra;

Rt = 0.4797 + 1.0220Rz;    Rt = 1.0576 + 4.1214Ra;

Rc = –0.0514 + 0.8691Rz;    Rc = 0.3608 + 3.5409Ra;

Rv = –0.0991 + 0.4132Rz;    Rv = 0.1538 + 1.6573Ra;

Rsm = 120.76 + 52.03Rz;     Rsm = 133.61 + 217.39Ra.

The parameters Rsk and Rku are analyzed separately, including testing the distribution for normality 
and identifying possible outliers; Spearman’s rank correlation coefficient (ρ) is used to assess the strength 
and direction of potentially nonlinear relationships between the variables (Table 6). The correlation ρ is 
equivalent to usual correlation r if we first replace the original values with their ranks rx,i = R(xi), ry,i = R 
(yi), and then calculate r between these ranks:

( ) ( )
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T a b l e  6

Spearman’s rank correlation coefficient matrix (α = 0.01; n = 128)

Rz Rt Rsm Rsk Rku

Rz 1 0.98 0.64 −0.20 −0.43
Rt 0.98 1 0.64 −0.20 −0.40

Rsm 0.64 0.64 1 −0.01 −0.47
Rsk −0.20 −0.20 −0.01 1 0.19
Rku −0.43 −0.40 −0.47 0.19 1

In the presence of outliers or nonlinear monotonic relationships, ρ provides a more robust assessment of 
the associations; therefore, its results are preferred for the Rsk and Rku data.

The coefficient ρ = 0.98 indicates a practically monotonic relationship between Rz and Rt, which is 
expected, since both parameters are amplitude parameters of the profile and are formed by similar mecha-
nisms. The parameter Rsm shows a moderate positive correlation with Rz and Rt (ρ = 0.64), indicating that 
an increase in the height of irregularities is accompanied by an increase in the mean distance between them. 
The asymmetry (skewness) parameter Rsk shows practically no correlation with the amplitude parameters 
(ρ from –0.20 to –0.01). This indicates that the asymmetry of the height distribution is an independent char-
acteristic, not directly related to the absolute values of roughness or Rsm. The profile excess (kurtosis) pa-
rameter Rku shows moderate negative relationships with Rz, Rt, and Rsm (ρ from –0.40 to –0.47). Profiles 
with higher amplitude values and increased spacing of irregularities are characterized by a less “peaked” 
distribution of heights.

The obtained results demonstrate the relative independence of Rsk and Rku from other parameters; 
therefore, further analysis requires consideration not only of the correlation structure, but also of the nature 
of the distribution of the parameters themselves.

Since the parameters Rsk and Rku describe the shape of the height distribution, and not the profile 
geometry, their correct interpretation requires checking the conformity of the empirical distribution to the 
normal law. The asymmetry parameter (skewness) Rsk characterizes the difference between the topography 
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of protrusions and depressions. It has a larger variance compared to the parameter Rq and is calculated us-
ing the expressions:

3
3

0

1 1
( )

l
Rsk z x dx

lrRq

 
=  

  
∫  or 3

3
1

1 N

i
Rsk z

NRq =
= ∑ .

Here Rq is a standard statistical parameter of the distribution, characterizing the width of the histogram 
of the distribution of the profile ordinates z(x): 
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The parameter Rku characterizes the deviation of the distribution from normality:
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For the correct interpretation of these parameters, it is necessary to check the extent to which the dis-
tribution of profile heights corresponds to the normal distribution. Deviations from normality are directly 
reflected in the Rsk and Rku values, making distribution analysis a key step in the study.

With f > 100, if the null hypothesis concerning the conformity of the distribution of Rsk and Rku pa-
rameters to the normal law according to Pearson’s chi-squared test cannot be rejected (α > 0.01), the dis-
tribution is considered normal, since the graphs, skewness, and kurtosis values do not indicate the opposite 
(Fig. 2).

Fig. 2. Distribution of the Rsk and Rku parameters with frequency histograms

It was determined that each value in the series deviates from the mean of 0.52 μm by an average of 0.17 
μm for Rsk, and from the mean of 2.09 μm by 0.18 μm for Rku.

The Shapiro–Wilk test showed the following results: W = 0.98; p = 0.76 > 0.05 for Rsk, and W = 0.99; 
p = 0.97 > 0.05 for Rku, which indicates that there is no basis for rejecting the assumption of a normal 
distribution for the parameters under consideration. Testing the normality of distribution using the An-
derson–Darling test showed that the statistics for both samples were below the critical value: A²(Rsk) =  
= 0.27 < 0.73 and A²(Rku) = 0.16 < 0.73. This means that there is no reason to reject the null hypothesis 
that the distribution is normal.

The results of hypothesis testing for the parameters Rsk and Rku indicate that there is no basis for 
rejecting the assumption of a normal distribution law, which ensures the methodological validity of the 
subsequent analysis.

Vol. 28 No. 1 2026
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The established correspondence of the height distribution to the normal model allows correct use of the 
shape parameters in regression dependencies. At the next stage of the study, an assessment of the multicol-
linearity of factors was carried out, including the technological parameters of feed rate, inclination angle, 
and diameter, in order to exclude any linear relationship between the predictors and ensure the stability of 
the coefficient estimates. If the VIF value exceeds 10, high multicollinearity is indicated. The average VIF 
values for fz, γ, and D are approximately equal to 1, indicating their independence and the absence of a 
critical relationship. Thus, these factors can be included simultaneously in regression models without the 
risk of distorting the coefficients. In this case, it is advisable to use all three predictors in the models, and 
the choice of responses (Rz, Rku, Rsk) will determine their specific form.

After algebraic expansion in the original variables, we obtain the following models:

Rz = –3.0975 + 37.1750fz + 0.0228γ + 0.1800D – 0.2775fzγ – 2.1667fzD –

– 0.0013γD + 0.0167fzγD;

Rsk = 1.1671 – 1.4562fz – 0.0346γ – 0.0283D + 0.0849fzγ + 0.0968fzD + 

+ 0.0027γD – 0.0076fzγD;

Rku = 4.2348 – 3.5884fz – 0.0392γ – 0.1822D + 0.0515fzγ + 0.2972fzD +

+ 0.0035γD – 0.0041fzγD.

For the Rku model: MAE = 0.1159 and RMSE = 0.1300. We simplify the model by excluding weak 
interactions, obtaining:

Rku = 3.4087 – 2.8967fz – 0.0055γ – 0.0942D + 0.0067fzγ + 0.2422fzD.

For this model, the absolute error values between the predicted and actual values are MAE = 0.1159 and 
RMSE = 0.1303. The simplified regression model demonstrates comparable values of quality metrics com-
pared to the full model, while having lower structural complexity and higher interpretability of coefficients.

To assess the fit of the three regression models and analyze the relationship between errors, the covari-
ance matrix of the residuals was calculated. When estimating the covariance matrix of errors, a fragment of 
experimental data with a sample size of n = 20 observations corresponding to the realized combinations of 
levels of the factors levels fz, γ, D was used. Each regression equation contains k = 8 parameters (intercept, 
three linear effects and four interaction terms), which determines the number of degrees of freedom for the 
error as n – k = 20 – 12 = 8. The estimation of the error covariance matrix was performed with normaliza-
tion by n – k, which ensures unbiased estimates of the variances and covariances of the residuals. Based on 
a sample of 20 observations, predicted values of Rz’, Rsk’, Rku’ were calculated for each equation, after 
which a residual matrix E of dimension 20 × 3 was formed.

The estimation of the error covariance matrix was performed using the matrix formula: 1 TE E
n k

′Σ =
− 

. The resulting covariance matrix has the form:

  0.0000252 0.0000165   0.0000230

0.0000165   0.0000110 0.0000153

  0.0000230 0.0000153   0.0000214

− 
 ′Σ = − − 
 − 

.

The diagonal elements of the matrix Σ’ reflect the error variances of individual models and show that 
all three equations have high approximation accuracy. The model error variances correspond to small  
deviations between actual and calculated values: ε(Rz) = 2.52 × 10⁻⁵; ε(Rsk) = 1.10 × 10⁻⁵; ε(Rku) =  
= 2.14 × 10⁻⁵. Off-diagonal matrix elements reflect error covariances between models, demonstrating a 
weak negative relationship between the pairs Rz–Rsk and Rsk–Rku, as well as a modest positive associa-
tion between Rz and Rku errors. Such a structure of covariances indicates a more consistent response of 
the parameters Rz and Rku to changes in technological factors, while the parameter Rsk exhibits relative 
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independence. The obtained covariance structure confirms the correctness of the constructed models and 
the absence of systematic shifts in the residuals. Low values of error variances and the absence of pro-
nounced multicollinearity indicate the statistical stability of the regression equations and the possibility  
of their further use for predicting roughness parameters depending on the technological conditions of  
milling.

Thus, the analysis showed that the amplitude roughness parameters exhibit high correlation and stability 
of estimates with increasing sample size, while the distribution shape parameters (Rsk and Rku) require 
separate consideration due to their sensitivity to the data structure. A normality check confirmed the validity 
of their use in regression models, enabling the construction of statistically significant relationships between 
process parameters and surface roughness parameters.

Conclusion

Collectively, the results obtained confirm that the proposed method provides statistically reliable 
construction of correlation-regression models that adequately describe the effect of milling process 
parameters on surface roughness characteristics. The obtained data allow for identification of the following 
most significant conclusions:

1. A methodological approach has been developed to determine the minimum required sample size, 
based on a combination of paired Pearson and Spearman correlation coefficient analysis, calculation 
of the required number of observations for given levels of significance and test power, as well as the 
construction of a minimum sample size matrix for various pairs of roughness parameters. It is shown 
that the amplitude parameters (Ra, Rq, Rz, Rt, Rc, Rv) demonstrate high stability of estimates and can be 
reliably characterized even with relatively small samples, while the distribution shape parameters (Rsk and 
Rku) require a significantly larger amount of data, which emphasizes their specific informational content 
and the need for separate analysis. Thus, the developed approach allows not only formal estimation of the 
minimum number of observations, but also a differentiated approach to sample size selection depending on 
the nature of the analyzed parameters and their effectiveness, and the need for separate analysis.

2. The results obtained with different sample sizes (n = 16 and n = 128) were compared, which made it 
possible to analyze the influence of the number of observations on the stability of the correlation coefficients, 
as well as on the accuracy of approximation and the magnitude of prediction errors. It was found that 
with a small sample size, correlation relationships, especially involving the Rsk and Rku parameters, tend 
to be overestimated and unstable, while with an increase in the number of observations, the correlation 
structure stabilizes, and estimates become more robust with respect to individual outliers and subsample 
heterogeneity. Furthermore, it was determined that at n ≈ 128, a balance is achieved between the statistical 
accuracy of the estimates and the practical feasibility of the experiment.

3. It has been demonstrated that for analysis and modeling tasks dealing primarily with amplitude 
roughness parameters, a relatively small sample size can be used, whereas including distribution shape 
parameters (Rsk and Rku) in the models requires a significant increase in the number of observations 
and verification of distributional normality. The developed approach enables targeted experimental design, 
selecting the sample size based on both statistical power and the required accuracy of estimates, as well as 
on production resource constraints.
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