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Abstract: First, the attachment is pre-processed, and after the abnormal data are removed side by 
side, the bar chart is drawn to preliminarily analyze the relationship that lead-barium glass is easier 
to weathering than high potassium glass. Then the chi-square test is carried out to find that whether 
the weathering of the glass cultural relics surface is related to the glass type of the cultural relics, but 
there is no obvious relationship with the decoration and color of the cultural relics. Secondly, the 
statistical model of one-way ANOVA was established, and the difference analysis of various 
chemical components was conducted before and after the two types of glass weathering. The 
chemical components that passed the difference test had significant statistical rules. Finally, multiple 
linear regression equations are constructed to predict the chemical composition content before 
weathering. The 14 chemical components of glass were regarded as 14 indicators, and the principal 
component analysis method was used to calculate the principal component contribution rate and the 
cumulative contribution rate, and then the two principal components were determined. Then the 
principal component analysis was used to cluster the indicators, and the hierarchical clustering 
algorithm was used to generate lineage maps. According to the elbow principle, the number of 
subcategories of high potassium glass is 3, and the number of subcategories of lead-barium glass 
is 4, so as to divide the chemical composition of glass. The cluster group scatter plot is then plotted 
and the subclass results are highly reasonable. Then a stepwise regression model is established to 
analyze the classification sensitivity and obtain several indicators with high sensitivity, which can be 
used for more targeted protection and restoration of unearthed cultural relics. 

Keywords: Chi-square Test,The Multiple Linear Regression Equation,Hierarchical Clustering 
Algorithm. 

1. Introduction 

We were asked to select suitable chemical components for each glass category to divide it into the 
subclass, and to analyze the plausibility and sensitivity of the classification results[1-3]. The idea of 
this paper is as follows: First, the 14 chemical components of glass are regarded as 14 indicators, and 
the main component analysis method is used to accurately get the main indicators to distinguish 
between the two types of glass[4]. Then the principal component analysis is used to cluster the 
indicators, and the lineage graph generated by the hierarchical clustering algorithm is used to 
determine the optimal number of clusters K according to the elbow principle, so as to subclass the 
chemical composition of the glass[5]. Then we plot the cluster grouping scatter plot to analyze the 
rationality of the classification results, observe the change of the cluster scatter map by changing the 
chemical composition index of the cultural relic samples, and analyze the sensitivity of the results[6-
7]. 

2. Model building and solution 

The analysis of the data in form 1 shows that the color information of cultural relics No.19,40,48 
and 58 is missing. In order to more accurately analyze the data of surface weathering degree and glass 
type, decoration and color, the information of these five groups of cultural relics was removed and 
then the subsequent correlation analysis was conducted[8]. 
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In order to make a preliminary qualitative analysis of the correlation between each information, 
the proportion of weathered glass relics of different types, patterns and colors is calculated by using 
the processed data and makes the column chart as follows Figure 1. 

 

Figure 1. Comparison of weathering degree between lead barium glass and high potassium glass 

According to Figure 1, lead-barium glass is easier to be weathered than high potassium glass, class 
B decoration is up to 100% weathered, much higher than the other two types, while Class C decoration 
is more weathered than Class A decoration. For glass color, green and dark blue glass relics are not 
weathered, light green cultural relics are less weathered, while all black glass relics are weathered, 
and cultural relics of other colors are about 50% weathered. However, only the number and proportion 
of weathering and unweathering of different types, patterns and colors can only reflect the difference 
in the value of each information, and a statistically significant relationship can not be obtained[9-10]. 
Therefore, further correlation analysis is needed based on the preliminary association analysis. 

Since the data for surface differentiation, glass type, ornamentation, and color in Form 1 were all 
categorical data, the chi-square test was used to calculate the correlation between feature quantities 
and classification outcome quantities. According to the meaning of the question, it can be analyzed: 
the surface weathering situation is the characteristic amount, the glass type, decoration and color are 
the classification results, and the corresponding number of cultural relics is summarized in Tables 1,3 
and 5. The pre-processed data were imported into Spass, the number of cultural relics corresponding 
to each classification result quantity was selected as the frequency variable, and the chi-square test 
results of the corresponding data of glass type, pattern and color were obtained as shown in Tables 
2,4 and 6. 

For surface weathering and glass type, the chi-square value is 5.400, compared with the chi-square 
test threshold table, 5% significance level (α =0.05), when the degree of freedom is 1, the threshold 
threshold value is 3.841. The null hypothesis of significant differences between variables was rejected 
because 5.400> 3.84103.2. That is, there is a significant correlation between the surface weathering 
of the glass artifacts and the glass types. 

For surface weathering and ornamentation, the chi-square value is 5.747, compared to the chi-
square test critical value table, 5% significance level (α =0.05), when the degree of freedom is 2, the 
chi-square value is 5.991. Since 5.747 <5.991, the null hypothesis that there was no significant 
difference between the variables was accepted. That is to say, is there a significant correlation 
between the surface weathering and ornamentation of glass relics. 

For surface weathering and color, the chi-square value is 6.287, compared to the chi-square test 
threshold table, 5% significance level (α =0.05), when the degree of freedom is 7, the chi-square value 
is 14.067. Since 6.287 <14.067, the null hypothesis that there was no significant difference between 
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the variables was accepted. In other words, is there a significant correlation between the surface 
weathering of glass relics and the color. 

In a word, whether the surface of glass cultural relics is weathered is related to the type of glass of 
cultural relics, but there is no obvious relationship with the decoration and color of cultural relics. 
The reasons for the influence of cultural relic glass type on surface weathering may be related to the 
chemical composition of different types of cultural relics and some specific chemical elements, so 
further analysis of the chemical composition content of cultural relic samples is needed. 

The accumulation of the proportion of known components and the data between 85% and 105% 
are regarded as effective data, and the proportion of chemical composition of each sampling point is 
accumulated as shown in Figure 2. From the figure, the cultural relic sampling points 15 and 17 do 
not meet the requirements and should be abandoned. Then, the sum of each component content should 
be 100%, but due to the detection means and other reasons, the sum is not 100%, so each component 
is normalized, so that its component content sum is 100%. 

 

Figure 2. Accumulation of chemical composition proportion at each sampling point. 
According to the type of glass, the data are divided into two categories: high-potassium glass and 

lead-barium glass. The average content of chemical composition before and after weathering of each 
type of glass is shown in Figure 3 and Figure 4. It is worth noting that although some cultural relics 
are weathered, the cultural relics sampling sites are unweathered points, and such points should be 
classified as unweathered points. 

One-way analysis of variance method is only consider a factor A concerned about the influence of 
indicators, assumed in the process of the experiment, our task is to infer from the test results, factor 
A index has significant influence, namely when A take different levels index has significant 
difference, is equivalent to test whether the mean of several overall equal. 

Let A take r levels, respectively recorded as A1, A2,..., Ar. The A in this question is whether the 
surface of the glass cultural relics is weathered. The null hypothesis is that the r levels of H0: A will 
have no significant effect on the chemical composition content. According to the analysis, the factors 
affecting the chemical composition content of cultural relics include: the first type is an uncontrollable 
random factor, namely the precision of the detection method; the second type is a controllable factor, 
namely the difference between samples. The difference in detection results within the same sample 
is called "within-group difference", which is mainly caused by random error; the differences between 
different levels are called "difference between groups", caused by both sample difference and random 
error. 

First, the error analysis of the test results, any one i(i=1、2、3......m)the sample number j (j=1、
2、3......n) the secondary test results can be expressed as the formula: 

                     ijiijiij ux                         (1) 

A statistical model of the one-factor ANOVA can thus be written: 
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One-way ANOVA was used to analyze the differences between the two chemical components of 
glass before and after weathering. Taking silica (SiO2) in the sample point of high potassium glass 
cultural relics as an example, assuming that there is no significant difference in SiO2 content before 
and after weathering of high potassium glass products, the ANOVA table is obtained with a p value 
of 2.5400e-06 <0.05, which indicates that there is a significant difference in SiO2 content of high 
potassium glass products in the case of significant level α =0.05 (95% confidence). Moreover, 
according from Table 7, the content of SiO2 after weathering is significantly higher than that before 
weathering, so it can be concluded that the content of SiO2 in high potassium glass products is 
significantly higher after weathering than that before weathering. 

The p value of silica (SiO2), potassium oxide (K2O), calcium oxide (CaO), magnesium oxide 
(MgO), alumina (Al2O3), iron oxide (Fe2O3) is <0.05, It shows that the above chemical components 
have significant differences before and after weathering, The average content of silica (SiO2) is 
increased after weathering, Variance decreases; Lower mean values of potassium oxide (K2O), 
calcium oxide (CaO), and alumina (Al2O3), The variance has all decreased; Lower average reduction 
of magnesium oxide (MgO), The variance is basically unchanged; The mean value of iron oxide 
(Fe2O3) content was decreased. 

The title requires the analysis of the classification basis of high-potassium glass and lead-barium 
glass, and its essence is to analyze which kind of (or which kinds) of chemical composition has 
significant differences in the two glasses, so that it can be used as the basis for distinguishing between 
different kinds of glass. In order to facilitate the analysis of silica (SiO2), sodium oxide (Na2O) and 
other 14 chemical components in different cultural relics samples content differences. 

In order to more accurately get the main indicators to distinguish between the two glass types, the 
method of principal component analysis is used to retain some of the most important features of the 
high-latitude data (with multiple indicators) by dimension reduction. In this way, we can not only 
find the main indicators to distinguish between the different variables, but also remove the noise and 
the unimportant indicators[2], so as to improve the speed of data processing. 

The chemical composition of each sample after removing the invalid data was imported into the 
Matlab, with a total of 67 samples and 14 chemical composition indicators, resulting in a 6714, sample 
matrix x. First, the correlation coefficient matrix R of the matrix x is found by using the corrcoef() 
function in Matlab, and it is visually displayed as shown in Figure 3. 

 

Figure 3. Visualization results 
According to the known information in the question, all the cultural relics samples can be divided 

into high-potassium glass and lead-barium glass. In order to further refine the classification, it is 
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necessary to classify the two categories according to the chemical composition of cultural relics, 
which is conducive to the more targeted protection and restoration of [6] for different cultural relics. 

Data from high potassium glass and lead barium glass from Form 2 were imported into Spass 
separately, the systematic cluster was selected, and the square Euclidean distance was used as the 
distance between the two data points, and the cluster lineage map was generated. However, the 
optimal number of clusters is still unable to determine the cluster K based solely on the lineage map, 
so the appropriate number of clusters needs to be determined before further classification using the 
lineage map. 

The line diagram of the aggregation coefficient is drawn from the hierarchical clustering as shown 
in Figure 4 and Figure 5. 

 

Figure 4. High potassium glass polymerization coefficient is broken line 

 

Figure 5. Lead-barium glass polymerization coefficient broken line 
It is obviously found that when the K value is taken from 1-3, the aggregation coefficient changes 

the most, and the change speed decreases significantly after exceeding 3. Therefore, the elbow can 
be considered as K=3, so the number of subclasses of high potassium glass is set as 3. Similarly, it is 
obvious that the elbow of the polymerization coefficient fold of lead barium glass is K=4, and the 
number of subclasses of lead barium glass is 4. 

Stepwise regression is an independent variable selection method for linear regression models, and 
the basic idea is to introduce the variable step by step with the condition that its partial regression 
squared sum experience is considered significant. At the same time, after each new variable was 
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introduced, the old variables selected in the regression model were tested one by one, and the 
insignificant variables were removed to ensure that each variable in the obtained subset of the 
independent variables was significant. At this time, all the variables in the regression model were 
significant [5] to the dependent variable. 

The regression coefficients obtained after a stepwise linear regression were obtained, in which the 
independent variable x9 was negatively correlated with the dependent variable, and all the remaining 
independent variables were all positively correlated with the dependent variable. Because α 1> α 14> 
| α 9 |> α 2, x1 has the strongest sensitivity among x9, x1, x14, x2 and x2. That is, the sensitivity of silica 
(SiO2) has the most influence on the classification situation. 

3. Conclusion 

Chi-square test and one-way ANOVA were used to make the obtained correlation results more 
reliable. Multivariate regression model can fully cover the influence of all factors on chemical 
composition and consider more comprehensively. For the multiple linear regression model, the 
prediction results may differ greatly from the actual results because of ignoring the interaction effects 
and the non-linear causality. Although Spearman's correlation coefficient model has a wide range of 
applications, the accuracy decreases compared with Pearson's correlation coefficient model, which 
does not well represent the correlation between the two variables. Through the composition analysis, 
identification and prediction of glass products, the important influencing factors of ancient glass 
weathering can be found, which can be used for more targeted protection and restoration of unearthed 
cultural relics. The obtained prediction model can be used as a basis for the investigation of ancient 
glass age. 
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