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Abstract: The Silk Road was a channel for cultural exchange between China and the West in ancient 
times, of which glass was a valuable physical evidence of early trade exchanges. Early glass was 
often made into bead-shaped ornaments in the West Asian and Egyptian regions into our country, 
and our ancient glass was made locally after absorbing its technology, so it was similar in 
appearance to foreign glass products, but the chemical composition was not the same. As glass is 
highly susceptible to weathering by the burial environment, during the weathering process, a large 
number of internal elements are exchanged with environmental elements, resulting in a change in 
its composition ratio, which affects the correct judgment of its category. According to the proportion 
of chemical composition of glass artifacts, it was split into high potassium glass data and lead-barium 
glass data, and the Pearson correlation coefficient was studied by using matlab software for high 
potassium glass data and lead-barium glass data respectively, so as to analyze the correlation 
between each chemical composition. 

Keywords: High potassium glass; lead-barium glass; Pearson correlation coefficient; gray 
correlation analysis. 

1. Introduction 

The Silk Road was a channel for cultural exchange between China and the West in ancient times, 
of which glass was a valuable physical evidence of early trade exchanges[1]. Early glass was often 
made into bead-shaped jewelry in the West Asian and Egyptian regions into our country, our ancient 
glass absorbed its technology and made in situ locally, so the appearance of glass products with 
foreign similarities, but the chemical composition is not the same[2]. 

The main raw material of glass is quartz sand, the main chemical composition is silicon dioxide 
(SiO2). Due to the high melting point of pure quartz sand, in order to reduce the melting temperature, 
it is necessary to add fluxes when refining[3]. The fluxes commonly used in ancient times were grass 
ash, natural alkali, saltpeter and lead ore, and limestone was added as a stabilizer, which was 
converted to calcium oxide (CaO) after calcination[4]. Adding different fluxes, its main chemical 
composition is also different. For example, lead-barium glass adds lead ore as a flux in the firing 
process, and its content of lead oxide (PbO) and barium oxide (BaO) is higher, which is usually 
considered to be our own invented glass species, and the glass of Chu culture is mainly lead-barium 
glass. Potassium glass is fired with substances containing high levels of potassium such as grass wood 
ash as a flux, and is mainly popular in Lingnan, China, as well as in Southeast Asia and India and 
other regions[5]. 

Ancient glass is highly susceptible to weathering by the burial environment. During the weathering 
process, internal elements were exchanged with environmental elements in large quantities, resulting 
in changes in the proportion of its composition, which affects the correct judgment of its category[6]. 

There is a batch of data related to ancient glass products in China, and archaeologists have 
classified them into two types of high potassium glass and lead-barium glass based on the chemical 
composition of these artifact samples and other testing methods. In this paper, we analyze the 
correlations between the chemical compositions of glass artifact samples of different categories and 
compare the differences of the correlations between the chemical compositions of different categories. 
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2. Model assumptions and notation 

2.1 Assumptions[7]  

1. The data are real and reliable, and representative. 
2. No consideration of errors in data processing and graph drawing by software tools. 
3. For the time being, chemical components other than those selected in this paper are not 

considered. 
4. Assume that the data involved in the model are all original and valid, without considering the 

existence of special cases. 
5. Assume that the effect of time is not considered when considering the changes in glass type as 

well as chemical composition content before and after weathering. 

2.2 Notations 

Important notations used in this paper are listed in Table 1. 
Table 1 Notations 

Symbols Description 
𝑥ଵ, 𝑥ଶ,⋯ , 𝑥௣ Each chemical component variable 

𝑅 Correlation coefficient matrix 
𝜇௜ Clustering center 
Jሺ𝐶ሻ Distance sum of squares 
T Number of leaf nodes of decision tree 
𝛾 Penalty term for the number of leaf nodes 
𝜔௝ Score of the jth leaf node 
𝜆 L2 canonical penalty term 
𝐾 Number of decision trees 
𝑤௜ Weights 

3. Model construction and solving 

3.1 Correlation between the chemical composition of different categories of glass artifact 
samples 

With random variables X and Y for which n random trials are conducted, the observations obtained 
are ሺ𝑋௜, 𝑌௜ሻሺ𝑖 ൌ 1,2, … , 𝑛ሻ , 𝑋ത , 𝑌ത are the respective expected values, √𝐷𝑋  and √𝐷𝑌  are the 
variances of X and Y, respectively. Cov(X,Y) is the covariance, r is the correlation coefficient, and R is 
the correlation coefficient between the random variables X and Y for the sample ሺ𝑋௜, 𝑌௜ሻሺ𝑖 ൌ
1,2, … , 𝑛ሻ, which is called the sample correlation coefficient. For a relationship with multiple variables, 
where the random variables X and Y can represent any two of the random variables[8]. In practice, the 
sample correlation coefficient R is often used as an estimate of the correlation coefficient r. 

Based on the above theoretical knowledge the following correlation coefficient model can be 
developed. 
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 (1) 

According to the principle of multivariate statistical analysis, the Pearson correlation coefficient 
rXY of two random vectors X and Y can be obtained by the following equation. 
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where N is the number of samples and all summations are from 1 to N. The value of the correlation 
coefficient r is between -1 and +1, i.e. -1 ≤ r ≤ +1. The properties are as follows. 

1) when r > 0, it means that the two variables are positively correlated, and when r < 0, the two 
variables are negatively correlated. 

2) when |r|=1, it means that the two variables are fully linearly correlated, i.e., a functional 
relationship. 

3) when r=0, it means that there is no linear correlation between the two variables. 
4) when 0<|r|<1, it means that there is some degree of linear correlation between the two variables. 

And the closer |r| is to 1, the closer the linear relationship between the two variables; |r| is closer to 0, 
the weaker the linear correlation between the two variables. 

It can be generally classified by three levels. 
A. |r|<0.4 for low linear correlation. 
B. 0.4≤|r|<0.7 as significant correlation. 
C. 0.7≤|r|<1 for high linear correlation. 
According to the proportions of chemical composition of all glass artifacts collected, they need to 

be split into high potassium glass data and lead-barium glass data, so that the correlations between 
chemical compositions can be analyzed for different categories of glass artifact samples. 

3.1.1 Correlation of the composition of high potassium glass 

Table 2 Correlation coefficient matrix 

R SiO2 Na2O K2O SrO SnO2 CaO 

SiO2 1.000*** -0.475** -0.781*** -0.524** 0.070 -0.752*** 

Na2O -0.475** 1.000*** 0.606*** -0.110 -0.108 0.640*** 

K2O -0.781*** 0.606*** 1.000*** 0.404* 0.070 0.690*** 

SrO -0.524** -0.110 0.404* 1.000*** 0.306 -0.052 

SnO2 0.070 -0.108 0.070 0.306 1.000*** -0.374 

CaO -0.752*** 0.640*** 0.690*** -0.052 -0.374 1.000*** 

Note: ***, **, * represent 1%, 5%, 10% significance levels, respectively 
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Figure 1 Correlation coefficient heat map 

The Pearson correlation coefficients of the high potassium glass data were investigated by using 
the corrcoef function (set significance level α = 0.05) in matlab software, and the Pearson correlation 
coefficient matrices of the 14 chemical components were obtained partially as shown in Table 2, and 
the complete table is shown in the Appendix, and the correlation coefficient heat map is shown in 
Figure 1. 

From the knowledge of statistics, it is known that the closer the correlation coefficient is to ±1, the 
stronger the correlation between the two variables, i.e., when one of the variables changes, the other 
variable will change with it; while the closer the correlation coefficient is to 0, the more independent 
the two variables are, i.e., when one of the variables changes, the other variable will not change at 
will. From the above graph, we can see that the darker the color the stronger the correlation. 

3.1.2 Correlation of the composition of lead barium glass 

The Pearson correlation coefficient of lead-barium glass data was studied by using the corrcoef 
function (set significance level α=0.05) in matlab software, and the Pearson correlation coefficient 
matrix of 14 chemical components was partially obtained as shown inTable 3, and the correlation 
coefficient heat map is shown in Figure 2. 

Table 3 Correlation coefficient matrix 

R SiO2 Na2O K2O SnO2 SrO CaO 

SiO2 1.000*** 0.362** 0.087 0.085 -0.503*** -0.488*** 

Na2O 0.362** 1.000*** -0.059 -0.083 -0.093 -0.373*** 

K2O 0.087 -0.059 1.000*** 0.195 -0.121 0.096 

SrO 0.085 -0.083 0.195 1.000*** -0.038 0.210 

SnO2 -0.503*** -0.093 -0.121 -0.038 1.000*** 0.171 

CaO -0.488*** -0.373*** 0.096 0.210 0.171 1.000*** 
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Figure 2 Correlation coefficient heat map 

From the knowledge of statistics, it is known that the closer the correlation coefficient is to ±1, the 
stronger the correlation between the two variables, i.e., when one of the variables changes, the other 
variable will change with it; while the closer the correlation coefficient is to 0, the more independent 
the two variables are, i.e., when one of the variables changes, the other variable will not change at 
will. From the above graph, we can see that the darker the color the stronger the correlation. 

3.2 Variance Analysis 

High potassium glass is mainly influenced by silica (SiO2) and calcium oxide (CaO), and lead 
barium glass is mainly influenced by barium oxide (BaO), silica (SiO2) and lead oxide (PbO), then 
the silica (SiO2) components that are both available can be selected to compare the differences in the 
chemical composition correlations between different categories. That is, the silica (SiO2) chemical 
composition is selected as the dependent variable (parent series) for the analysis, and the remaining 
appropriate variables are selected as independent variables (subsequences), and a gray correlation 
analysis model is established to calculate the case of its gray correlation, and the gray correlation 
calculated in different categories of glass is subjected to ANOVA to observe the variability between 
high potassium glass and lead-barium glass. 

Gray system theory is an emerging theory proposed by Professor Deng Julong in 1982, which is a 
new system theory using a specific method to describe the system with incomplete information and 
make prediction, decision and control[9,10]. 

Gray correlation analysis is a new multi-factor analysis method, whose basic principle is to 
distinguish the closeness of the relationship between multiple factors in a system by comparing the 
geometric relationship of statistical series, the closer the geometric shape of the series curves, the 
greater the gray correlation between them, and vice versa, the smaller the correlation. In the system 
analysis of complex systems, most of them used statistical analysis or other analysis methods in the 
past. The advantages of gray correlation analysis over them are: gray correlation analysis is done 
according to the development trend, so there is no excessive requirement for the amount of sample 
size, and there is no need for typical distribution laws, and the calculation is relatively small, and the 
results will be more consistent with the results of qualitative analysis. Therefore, gray correlation 
analysis is a relatively simple and reliable analysis method in system analysis. The specific calculation 
steps of gray system correlation analysis are as follows. 

1.Determination of the reference series and comparison series 
(1) Reference series - the data series reflecting the characteristics of the system behavior 
(2) Comparison series - the data series of factors affecting the behavior of the system 
2.Quantumless processing of reference and comparison series 
(1) initialization - each number in the matrix is divided by the first number to get a new matrix 
(2) mean value - each number in the matrix is divided by the average of all elements of the matrix 

to obtain a new matrix 



Highlights in Science, Engineering and Technology CEAM 2022
Volume 21 (2022) 
 

259 

3. Find the gray correlation coefficient ξ(Xi ) of the reference and comparison series 
Let the reference series be X0, the comparison series be X1,X2,X3..., and the correlation coefficient 

ξ(Xi ) of the comparison series with respect to the reference series at each point of the curve 

 ξሺ𝑋௜ሻ ൌ
୫୧୬୫୧୬ห௑෠ሺబሻሺ௞ሻି௑ሺబሻሺ௞ሻหାఘ୫ୟ୶୫ୟ୶ห௑෠ሺబሻሺ௞ሻି௑ሺబሻሺ௞ሻห

ห௑෠ሺబሻሺ௞ሻି௑ሺబሻሺ௞ሻหାఘ୫ୟ୶୫ୟ୶ห௑෠ሺబሻሺ௞ሻି௑ሺబሻሺ௞ሻห
 (3) 

Correlation coefficient It can also be simplified as the following equation 

 ξ଴௜ ൌ
∆ሺ௠௜௡ሻାఘ∆ሺ௠௔௫ሻ

∆బ೔ሺ௞ሻାఘ∆ሺ௠௔௫ሻ
 (4) 

4.Find the correlation degree 𝑟௜ 
The correlation coefficient - the value of the degree of correlation between the comparison series 

and the reference series at each moment (i.e., each point in the curve), so it has more than one number, 
and the information is too scattered to facilitate a holistic comparison. Therefore it is necessary to 
pool the correlation coefficients at each moment (i.e., at each point in the curve) into one value, i.e., 
to find its average value, as a quantitative representation of the degree of correlation between the 
comparison series and the reference series. The formula for the degree of correlation between 
𝑋ሺ଴ሻሺ𝑘ሻ and 𝑋෠ሺ଴ሻሺ𝑘ሻ is as follows. 

 𝑟 ൌ ଵ

௡
∑ 𝜂ሺ𝑘ሻ௡
௞ୀଵ  (5) 

5.Order of correlation 
The degree of correlation between factors is mainly described by the order of the magnitude of the 

correlation, not only the size of the correlation. The correlation order is formed by arranging the 
correlation degree of m sub-sequences to the same parent sequence in order of size, which is called 
{x}, and it reflects the "superiority" relationship of each sub-sequence to the parent sequence. If 𝑟଴௜ ൐
𝑟଴௝, then ሼ𝑥௜ሽ is said to be better than ൛𝑥௝ൟ for the same parent sequence ሼ𝑥଴ሽ, denoted as ሼ𝑥௜ሽ ൐
൛𝑥௝ൟ. 

 (CuO), iron oxide (Fe2O3), lead oxide (PbO), barium oxide (BaO), sulfur dioxide (SO2), tin 
oxide (SnO2), phosphorus pentoxide (P2O5), strontium oxide (SrO) and silicon dioxide (SiO2), and 
provide an analytical reference based on the correlation degree, and the discrimination coefficient is 
taken as 0.5 when using gray correlation analysis. The correlation coefficients are calculated. The 
correlation coefficient of high potassium glass, for example, is shown in Figure 3 below. 

 
Figure 3 Correlation coefficient chart 

Combined with the correlation coefficient calculation formula to calculate the correlation 
coefficient value, and according to the correlation coefficient value, and then calculate the correlation 
degree value for evaluation judgment, the calculated gray correlation degree is shown in Table 4 
below. 
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Table 4 Gray correlation 
Evaluation item High potassium glass correlation Lead barium glass correlation 

Aluminum oxide(Al2O3) 0.932 0.953 
Copper oxide(CuO) 0.931 0.915 

Phosphorus pentoxide(P2O5) 0.917 0.896 
Magnesium oxide(MgO) 0.911 0.931 
Potassium oxide(K2O) 0.907 0.92 
Calcium oxide(CaO) 0.903 0.921 
Iron oxide(Fe2O3) 0.897 0.911 
Lead oxide(PbO) 0.873 0.934 
Tin oxide(SnO2) 0.866 0.884 

Strontium oxide(SrO) 0.864 0.924 
Barium oxide(BaO) 0.855 0.936 
Sulfur dioxide(SO2) 0.85 0.882 
Sodium oxide(Na2O) 0.849 0.9 

The correlation coefficients were combined with the above correlation coefficients and weighted 
to obtain the correlation value, which was used to rank the 13 evaluation items; the correlation value 
ranged from 0 to 1, and the larger the value was, the stronger the correlation with the "reference value" 
(parent series), which means the higher the evaluation. As can be seen from the above table, for the 
13 evaluated items, aluminum oxide (Al2O3) was the most highly evaluated (correlation: 0.932), 
followed by copper oxide (CuO) (correlation: 0.931). The results of the variance analysis using the 
correlations are shown in Table 5 below. 

Table 5 Variance Analysis 

Variable name Median Mean value Standard deviation Skewness Kurtosis S-W test 
High potassium glass 

correlation 
0.897 0.889 0.03 0.021 -1.616 0.906(0.162) 

Lead-barium glass correlation 0.92 0.916 0.021 -0.155 -0.514 0.969(0.877) 

4. Conclusion 

In this paper, analyzed the correlations between the chemical compositions of glass artifact 
samples of different categories and compared the differences of the chemical composition 
correlations between the different categories. They were split into high potassium glass data and lead-
barium glass data, and Pearson correlation coefficients were studied for high potassium glass data 
and lead-barium glass data respectively using matlab software, so as to analyze the correlations 
between chemical compositions. Next, the chemical composition of silica (SiO2) was selected as the 
dependent variable (parent series) for the analysis, and the remaining variables were selected as 
independent variables (subseries), and a gray correlation analysis model was established to calculate 
its gray correlation, and the calculated gray correlations in different categories of glass were subjected 
to ANOVA to observe the differences in the correlations between the chemical compositions of high-
potassium glass and lead-barium glass. 
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