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Abstract. In this paper, we study the ancient glass component analysis and category to identify 
problems, through the establishment of principal component analysis, cluster analysis and multiple 
regression model mathematical model, using SPSS software, realized by analyzing the chemical 
composition content on the glass before and after weathering type classification problem and for 
different categories of the relationship between the chemical composition of glass sample problem 
solving, According to the change rate, the chemical composition content before weathering is 
predicted, and the predicted value before weathering is obtained. 
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1. Introduction 

The Silk Road was an important trade link between China and the West in ancient times, and glass 

products are one of the important physical evidence of the early Silk Road.Glass products came to 

China along the Silk Road and were then made locally in China according to its techniques.Therefore, 

they are similar in appearance to the early imported glass products, but their chemical composition 

and structure are not the same.Burial environment is very easy to affect the weathering of ancient 

glass. Due to different burial environment, the degree and type of weathering of glass in the burial 

process are also different.Some cultural relics are marked as no weathering, but some superficial 

weathering is not excluded.Some cultural relics are marked as weathered, but do not exclude that 

some surfaces are not weathered.Due to the different types of glass and surface ornamentation, the 

degree of weathering is also different, which makes the glass show different colors[1]. 

Existing data on a batch of Chinese ancient glass products, by detecting the chemical composition 

of samples of these cultural relics and other testing means, this batch of glass has been divided into 

two types, that is, high potassium and lead barium glass, based on the analysis of the different types 

of chemical composition and content before and after weathering of cultural relics to find out high 

potassium and lead barium glass classification rule;Based on the analysis of chemical composition 

content, the specific subcategory classification method and classification results of each category of 

glass are given, and the rationality and sensitivity of the classification results are analyzed[2]. 

2. Establishment of composition analysis model 

Considering that the type of glass, ornamentations and colors belong to the categorical variables, 

which belong to the categorical correlation analysis, the chi-square test should be used for analysis. 

2.1. Grouping of data 

Based on the known data, the data were first divided into two groups according to the type of glass: 

high-potassium glass and lead-barium glass, and then each group of data was processed separately to 

find the pattern.Each chemical composition of each group of data was treated as the dependent 

variable one by one to obtain the predicted value of each chemical content before weathering.Then, 

the known data were quantified and statistically analyzed according to the weathering condition, and 



Highlights in Science, Engineering and Technology MMML 2022 

Volume 22 (2022)  

 

110 

the rate of change was calculated and tables and charts were drawn.Observe the statistical law of 

chemical composition content of cultural relics samples.Then, according to the change law of 

chemical composition between weathered samples and unweathered samples, a model was 

established to predict the chemical composition content before weathering[3]. 

2.2. Color-related data processing 

Since there were missing values in the color part, the whole row of the missing values was deleted 

first, and the correlation analysis of the data was performed using SPSS software, and then the chi-

square test was performed on the data.The significance test value of the correlation analysis between 

surface weathering and glass type was 0.020, the significance test value of the correlation analysis 

between surface weathering and glass ornamentation was 0.056, and the significance test value of the 

correlation analysis between surface weathering and glass color was 0.507.According to the chi-

square test, when the significance test value is greater than 0.05, the correlation is not strong, and 

when it is less than 0.05, the correlation is strong. In conclusion, the surface weathering is strongly 

correlated with the type of glass, while the surface weathering is not strongly correlated with the 

ornamentation and color of glass[4]. 

2.3. Analysis of statistical regularities 

Firstly, the data were divided into two categories of high-potassium glass and lead-barium glass 

according to the type of glass.Secondly, the glass was classified according to non-weathering and 

weathering, and the mean value of each chemical component content in non-weathering and 

weathering periods was counted as the reference amount.The change before and after weathering of 

each chemical composition was divided by the change without weathering as the change rate before 

and after weathering, and the statistical rule of chemical composition content with or without 

weathering was obtained by plotting statistics.Due to the limited space, this paper mainly presents the 

results of correlation analysis of high-potassium glass.The statistical rule of high-potassium glass is 

shown in Figure 1[5]. 

 

Figure 1. Statistical law of high potassium glass. 

Since it is change/no weathering, the minimum rate of change is -1, which means that all of the 

component is consumed during weathering.As can be seen from the chart, in the weathering process 

of high-potassium glass, the proportion of silica increases before and after weathering, while the 

proportion of other chemical components decreases during weathering, especially sodium oxide, lead 

oxide, barium oxide, strontium oxide, tin oxide and sulfur dioxide, which are all consumed.Pre-

weathering prediction: The contents of high-potassium glass and lead-barium glass before and after 

weathering were predicted according to the proportion of changes before and after weathering.Figure 

2 shows the high potassium content before weathering. [6] 
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Figure 2. Basic information before high potassium weathering. 

3. Glass partition model 

After data preprocessing, it was found that part of the data was missing, so the blank space was 

replaced by the value 0 to represent that the chemical composition contained in the sample was 0. 

Moreover, it was found that the cumulative proportion of the components of the samples numbered 

15 and 17 were 79.47% and 71.89%, respectively, which were deleted according to the meaning of 

the question.According to the question stem, the sum of all chemical components is approximately 

equal to 100%, which can be regarded as the data normalization of the chemical components of each 

sample point. [7] 

Firstly, the samples were divided into high-potassium glass and lead-barium glass, and then they 

were divided into weathered glass and unweathered glass, respectively. The chemical components 

contained in the samples were used as variables for cluster analysis. The classification rules of high-

potassium glass and lead-barium glass could be obtained by comparing the changes of the chemical 

components in the weathered and unweathered glasses. 

Firstly, the sample types were divided into high-potassium glass and lead-barium glass, and 14 

chemical components were used as indicators for high-potassium glass and lead-barium glass, 

respectively. Sixty-seven monitoring sites were comprehensively evaluated according to principal 

component analysis (PCA). [8] 

3.1. Results of cluster analysis based on SPSS 

SPSS software was used to conduct k-means cluster analysis on the contents of chemical 

components of the two types of glass weathered and unweathered [9], and the results are shown in 

Table 1 and Table 2. 

Table 1. Results of cluster analysis of each component after weathering. 

 

Cluster category (mean ± standard deviation) 

F 

 

P Lead barium glass 

(n=25) 

High potassium glass 

(n=7) 

 

Silica (SiO2) 23.776 + / - 9.065 88.159 + / - 15.439 199.883 
 0.000 * * 

* 

Sodium oxide (Na2O) 0.193 + / - 0.555 0.114 + / - 0.302 0.127  0.724 

Potassium hydroxide (K2O) 0.126 + / - 0.242 0.511 + / - 0.415 10.001 
 0.004 * * 

* 

(CaO CaO) 2.69 + / - 1.694 1.149 + / - 0.861 5.32  0.028 * * 

Magnesium oxide (MgO 

style) 
0.614 + / - 0.697 0.389 + / - 0.58 0.612 

 
0.440 
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Alumina (Al2O3) 2.543 + / - 1.512 3.604 + / - 4.516 1.043  0.315 

Iron oxide (Fe2O3) 0.567 + / - 0.746 0.374 + / - 0.296 0.438  0.513 

Copper oxide (CuO) 2.367 + / - 2.839 1.339 + / - 1.038 0.867  0.359 

Lead oxide (PbO) 44.418 + / - 11.081 2.244 + / - 5.938 92.386 
 0.000 * * 

* 

Baryta (BaO) 11.987 + / - 10.141 1.044 + / - 2.763 7.815 
 0.009 * * 

* 

Phosphorus pentoxide (P2O5) 5.444 + / - 4.194 0.397 + / - 0.364 9.882 
 0.004 * * 

* 

Strontium oxide ((SrO) SrO) 0.425 + / - 0.268 0.036 + / - 0.094 14.001 
 0.001 * * 

* 

Tin oxide (SnO2) 0.019 + / - 0.094 0.187 + / - 0.495 2.763  0.107 

Sulfur dioxide (SO2) 1.421 + / - 4.283 0.0 + / - 0.0 0.752  0.393 

Note: ***, **, * represent 1%, 5%, and 10% significance levels, respectively. 

 

Table 2. Results of cluster analysis of each component without weathering. 

 

Cluster category (mean ± standard deviation) 

F P Lead barium 

glass (n=13) 
 

High potassium glass (n=24) 

Silica (SiO2) 46.381 + / - 8.298 66.359 + / - 7.035 59.96 0.000 * * * 

Sodium oxide (Na2O) 2.232 + / - 2.851 0.973 + / - 1.361 3.339 0.076 * 

Potassium hydroxide (K2O) 0.266 + / - 0.403 5.279 + / - 5.248 11.672 0.002 * * * 

(CaO CaO) 1.409 + / - 1.579 3.168 + / - 3.136 3.566 0.067 * 

Magnesium oxide (MgO style) 0.652 + / - 0.55 0.878 + / - 0.629 1.191 0.283 

Alumina (Al2O3) 3.671 + / - 1.707 5.723 + / - 3.604 3.727 0.062 * 

Iron oxide (Fe2O3) 0.707 + / - 0.992 1.375 + / - 1.555 1.957 0.171 

Copper oxide (CuO) 2.013 + / - 2.396 1.607 + / - 1.536 0.395 0.534 

Lead oxide (PbO) 26.422 + / - 8.395 7.075 + / - 8.305 45.42 0.000 * * * 

Baryta (BaO) 11.379 + / - 6.397 2.762 + / - 3.412 28.884 0.000 * * * 

Phosphorus pentoxide (P2O5) 1.452 + / - 2.358 0.938 + / - 1.169 0.794 0.379 

Strontium oxide ((SrO) SrO) 0.341 + / - 0.288 0.093 + / - 0.113 14.04 0.001 * * * 

Tin oxide (SnO2) 0.065 + / - 0.158 0.108 + / - 0.482 0.098 0.756 

Sulfur dioxide (SO2) 0.0 + / - 0.0 0.203 + / - 0.749 0.945 0.338 

Note: ***, ** and * represent the significance levels of 1%, 5% and 10%, respectively. 

 

The classification rule of high-potassium glass and lead-barium glass can be obtained by 

comparing and analyzing the proportion of main chemical components in the charts after weathering 

and before weathering: 1. The distribution law of main components: silica occupies the largest 

proportion in both high-potassium glass and lead-barium glass.In the high potassium glass, the 

proportion of sodium oxide and potassium oxide is relatively large before weathering.In the lead-

barium glass, the proportion of lead oxide and barium oxide is relatively large.2. The change law of 

main components: potassium oxide (K) is the component of high potassium glass before and after 

weathering2The proportion of O decreased significantly, and the proportion of lead oxide (PBO) 

increased significantly before and after weathering, while the proportion of barium oxide (BaO) did 

not change much [9]. 

3.2. Results of principal component analysis 

On the premise that the characteristic root of principal components >1 and the explanatory 

contribution rate of variables >85%, five components were selected as principal components. The 

variance interpretation table of principal component analysis of high potassium glass by SPSS 

software is shown in Table 3. 
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Table 3. Total variance explanation table. 

composition Characteristics of the root 

 
Characteristics of the 

root 

Variance explanation rate 

(%) 

Cumulative variance explained rate 

(%) 

1 5.400 38.573 38.573 

2 2.430 17.359 55.932 

3 1.715 12.253 68.185 

4 1.649 11.777 79.962 

5 0.949 6.775 86.737 

6 0.644 4.601 91.339 

7 0.513 3.666 95.004 

8 0.302 2.16 97.164 

9 0.195 1.392 98.557 

10 0.111 0.795 99.352 

11 0.061 0.435 99.787 

12 0.018 0.129 99.916 

13 0.007 0.051 99.967 

14 0.005 0.033 100 

 

Five components were selected as principal components on the premise that the characteristic root 

of principal components >1 and the explanatory contribution rate of variables >85% as far as possible. 

Through factor analysis, SPSS software was used to calculate the factor loading coefficient table as 

shown in Table 4.The composition matrix table of high potassium glass is shown in Table 5. 

Table 4. Factor loading coefficient table of high potassium glass. 

 
Principal 

component 1 

Principal 

component 2 

Principal 

component 3 

The principal 

components of 4 

The principal 

components of 5 
 

Silica (SiO2) 0.820 0.415 0.124 0.176 0.073 0.897 
Sodium oxide 

(Na2O) 
0.075 0.776 0.082 0.462 0.318 0.930 

Potassium 

hydroxide (K2O) 
0.680 0.507 0.285 0.260 0.164 0.895 

(CaO CaO) 0.621 0.607 0.036 0.227 0.141 0.827 
Magnesium oxide 

(MgO style) 
0.741 0.330 0.332 0.147 0.122 0.805 

Alumina 

(Al2O3) 
0.860 0.005 0.004 0.093 0.180 0.780 

Iron oxide 

(Fe2O3) 
0.833 0.163 0.006 0.234 0.319 0.877 

Copper oxide 

(CuO) 
0.530 0.069 0.277 0.603 0.167 0.754 

Lead oxide 

(PbO) 
0.423 0.227 0.663 0.304 0.323 0.867 

Baryta (BaO) 0.583 0.356 0.632 0.014 0.298 ⚫ 0.954 
Phosphorus 

pentoxide 

(P2O5) 
0.680 0.560 0.095 0.037 0.392 0.940 

Strontium oxide 

((SrO) SrO) 
0.730 0.506 0.043 0.247 0.035 0.853 

Tin oxide 

(SnO2) 
0.069 0.322 0.453 0.586 0.433 0.845 

Sulfur dioxide 

(SO2) 
0.301 0.196 0.608 0.582 0.289 0.921 
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Table 5. Composition matrix table of high potassium glass. 

Table of Composition Matrix 

The name of the composition 

 
Component 

1 

Component 

2 

Component 

3 

Composition of 

4 

Composition of 

5 

Silica (SiO2) 0.152 0.171 0.072 0.107 0.077 

Sodium oxide (Na2O) 0.014 0.32 0.048 0.28 0.335 

Potassium hydroxide 

(K2O) 
0.126 0.209 0.166 0.158 0.173 

(CaO CaO) 0.115 0.25 0.021 0.137 0.149 

Magnesium oxide (MgO 

style) 
0.137 0.136 0.193 0.089 0.129 

Alumina (Al2O3) 0.159 0.002 0.002 0.056 0.189 

Iron oxide (Fe2O3) 0.154 0.067 0.004 0.142 0.336 

Copper oxide (CuO) 0.098 0.029 0.162 0.366 0.176 

Lead oxide (PbO) 0.078 0.093 0.386 0.185 0.341 

Baryta (BaO) 0.108 0.147 0.368 0.009 0.314 

Phosphorus pentoxide 

(P2O5) 
0.126 0.23 0.055 0.023 0.413 

Strontium oxide ((SrO) 

SrO) 
0.135 0.208 0.025 0.15 0.037 

Tin oxide (SnO2) 0.013 0.132 0.264 0.355 0.457 

Sulfur dioxide (SO2) 0.056 0.081 0.355 0.353 0.305 

 

(1) Principal component 1: the representative level is basically consistent, and only negatively 

correlated with silicon dioxide and tin oxide 

(2) Principal component 2: represents phosphorus pentoxide, tin oxide, and is positively correlated 

represents sodium oxide, potassium oxide, and negatively correlated 

(3) Principal component 3: represents tin oxide, sulfur dioxide, and is positively correlated 

represents lead oxide, barium oxide, and negatively correlated 

(4) Principal component 4: represents sodium oxide, tin oxide, and is positively correlated 

represents copper oxide, sulfur dioxide, and negatively correlated 

(5) Principal component 5: represents lead oxide, barium oxide, tin oxide, sulfur dioxide, and is 

positively correlated represents sodium oxide, iron oxide, phosphorus pentoxide, and negatively 

correlated 

The weight table of each factor of high potassium glass is shown in Table 6. [10] 

Table 6. Weight table of each factor of high potassium glass. 

The name of the 
Variance explanation rate 

(%) 

Cumulative variance explained 

rate (%) 

Weight 

(%) 

Principal component 1 38.573 38.573 44.471 

Principal component 2 17.359 55.932 20.014 

Principal component 3 12.253 68.185 14.126 

The principal components 

of 4 
11.777 79.962 13.578 

The principal components 

of 5 
6.775 86.737 7.811 

3.3. Reasonableness Analysis 

Next, KMO test and Barlett test were used to test the rationality of the subclass classification 

results of glass by SPSS software 
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Note: ***, ** and * respectively represent the significance level of 1%, 5% and 10%, where 

P<0.05 is significant, and Bartlett test can be used for principal component analysis. 

The KMO test and Bartlett test of high potassium glass are shown in Table 7. 

Table 7. KMO test and Bartlett's test for high potassium glass. 

KMO value 0.367  

Bartlett's test for sphericity 

The approximate chi-square 265.919 

df 91.000 

P 0.000 * * * 

Note: ***, ** and * represent the significance levels of 1%, 5% and 10%, respectively 

 

P<0.05 is significant, and Bartlett test can be used for principal component analysis. 

In summary, both lead-barium glass and high-potassium glass have passed Bartlett test, and only 

one KMO test and Bartlett test can be passed. Therefore, principal component analysis can be 

conducted for them, which means that the classification results are reasonable. 

3.4. Sensitivity analysis of the model 

For the analysis of high-potassium glasses, according to the composition matrix table, the 

following results can be obtained: 

F = x + F1 (0.386/0.867) (0.174/0.867) * F3 + F2 + (0.123/0.867) (0.118/0.867) * F5 F4 + 

(0.068/0.867) 

Clean F = 0.445 + 0.201 * * F1 F2 + 0.078 + 0.142 + 0.136 * * F3 F4 * F5 

The control variable method was used, and the other variables were regarded as constants. One F 

was analyzed separately, and the slope was used to show the sensitivity.The coefficient before F1 is 

very large, so F1 is very sensitive to F;The coefficient before F5 is close to zero, which has little 

effect on F value, so the sensitivity is very weak.The coefficients before F2,F3 and F4 belong to the 

mean value, and their sensitivity to F is general. 

4. Conclusion 

In this paper, we study the ancient glass component analysis and category to identify problems, 

through the establishment of principal component analysis, cluster analysis and multiple regression 

model mathematical model, using SPSS software, realized by analyzing the chemical composition 

content on the glass before and after weathering type classification problem and for different 

categories of the relationship between the chemical composition of glass sample problem solving, 

According to the change rate, the chemical composition content before weathering is predicted, and 

the predicted value before weathering is obtained.The principle of the model applied in this paper is 

simple, the implementation is easy, the convergence speed is fast, and the interpretation degree of the 

algorithm is strong. When dealing with large data sets, the algorithm is relatively scalable and 

efficient 
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