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Abstract. Glassware was the witness of the ancient Silk Road trade. The paper focuses on the
component analysis and identification methods of ancient glass products. The decision tree model
was established and analyzed to obtain the classification rules of high potassium glass and lead
barium glass. Based on the cluster analysis method, appropriate chemical elements were selected
for each type to conduct cluster analysis. The result showed that high potassium glass and
unweathered lead barium glass can be classified by their content of silicon dioxide. However,
weathered lead barium glass needed to be classified by their content of lead oxide. The random
forest regression model was used to classify glass cultural relics by their chemical elements. The
chemical element data of glass cultural relics with known types were used as samples, and the
chemical element data of glass cultural relics with unknown types were inputted into the trained
model. Finally, the types of glass cultural relics were predicted and sensitivity analysis was
conducted.
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1. Introduction

1.1. Background

The Silk Road was an important bridge between the Eastern and Western cultures in ancient times.
Chinese ancestors absorbed glass technology and produced glass from local materials in China.
Therefore, compared with foreign glassware, local glassware had similarities in appearance but
different chemical composition. The most effective way to judge the age and source of ancient glass
was to test and study the chemical composition and physical characteristics of ancient glass products.
At the same time, it also provided a strong scientific basis for solving and judging the source and age
of ancient glass.

1.2. Literature Review

With the development of modern archaeological excavation technology, many ancient cultural
relics have been excavated along the Silk Road, attracting many scholars' attention [1-3]. Among the
excavated cultural relics, the appearance and internal elements of ancient glass have changed greatly
due to the influence of the environment [4-6]. As a result, scholars have made in-depth research on
the internal chemical composition changes of ancient glass samples. In this respect, most scholars
used qualitative correlation factor analysis for classification and related tool analysis [7-10]. However,
there are few quantitative and substantive research methods.

Liu Song et al. [11] used PXRF method to quantitatively analyze the surface elements of ancient
glass samples, and pointed out the flux concentration changes in different parts of the glass samples.
Balvanovic [12] and others described the papers and other documents of the late ancient Serbian glass,
concluded that Foy 3.2 glass evolved into Foy 2.1 glass, and explained the relationship between the
chemical composition of the two glasses. Zou Ying et al. [13] established a multivariate time series
model to predict the content of the chemical composition of ancient glass before weathering, and
converted the relevant data into time series analysis, but ignored the time interval between the initial
production and the excavation of the glass. Currently, it can be seen that chemical composition
prediction of ancient glass, the exploration of quantitative analysis methods is insufficient. This paper
focused on the prediction of chemical composition of glass samples before and after weathering
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through data algorithms and modeling analysis. Decision tree, cluster analysis and random forest
regression model would be used to predict the chemical composition of glass before and after
weathering.

There was a batch of ancient Chinese glass products, and it was required to explore the
classification law of high potassium glass and lead barium glass by detecting the chemical
composition of these cultural relics samples. We adopted appropriate classification methods, selected
suitable chemical components for each category, and divided them into subcategories. We presented
the classification results and analyzed the rationality and sensitivity of the classification results.
Finally, we analyzed the chemical composition of glass relics of unknown category in the data, so as
to identify the specific type to which it belongs, and the sensitivity analysis of classification results
was carried out.

1.3. Main Work

We used the decision tree model to analyze the classification of high-potassium glass and lead-
barium glass. Based on the clustering analysis method, we selected the relevant chemical components
of each type. We found the two most similar classes among each class and classified them into one
class. We calculated the similarity and analyzed the rationality and sensitivity of the classification
results by changing the number of classifications.

We established the random forest regression model and trained it with samples of known
composition to determine the types of glass artifacts with unknown categories based on their chemical
composition. Next, we used the model to predict the types of the unknown samples and analyzed how
they correlate with their chemical composition. We adjusted the proportion of the components that
had a high correlation (as long as the total percentage is valid) and fed them back into the model to
obtain new predictions. Finally, we conducted sensitivity analysis by observing how these changes in
components affect the prediction outcomes.

1.4. Arrangement

This paper was organized as follows. Section | introduced the research background, literature
review, research problem and analysis of this paper. Section Il presented the principles and
assumptions of the three models used in this paper: decision tree, cluster analysis and random forest
regression and put forward the basic assumptions of the paper. Section 111 applied the decision tree
model to classify high-potassium glass and lead-barium glass based on their chemical composition.
Section 1V performed a subclass analysis using cluster analysis with different chemical components
as criteria. The classification results and their rationality and sensitivity were discussed. Section V
used the random forest regression model to predict the type of unknown glass artifacts and conducted
a sensitivity analysis of the prediction results. Section VI concluded this paper by summarizing the
research questions, methods, results and implications of this paper.

2. Preliminary

2.1. Decision Tree

This paper mainly used decision classification tree. Classification tree can process discrete data
which is the data with limited data types[14]. It outputs the category regression tree of the sample,
which can predict the continuous value. Assuming t is a node, the calculation formula of GINI
coefficient of this node is:

GINI®) = 1= ) (Gl &

k
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2.2. Cluster analysis model

Cluster analysis is the use of mathematical methods to follow a certain index of similarity (or
dissimilarity) according to the attributes of the samples themselves, then quantitatively determine the
lipophilicity between samples and cluster the samples by this degree of lipophilicity. How well
clustering works relies on methods and clustering algorithms that measure distance [15].

2.3. Random Forest model

Random forest algorithm adopts Bootstrap self-sampling method to obtain different sample sets
for model construction, so as to increase the difference degree between models and the ability of
extrapolation prediction [16]. The principle of random forest algorithm was shown in Figure 1.

Training data set

Tralnlng set1 " Training set 2 - |Training set m|

IDecision tree 1 "Decision tree zl |Decision tree 3|

Training result 1 X Training result 2 @

v v l v

Comprehensive (average method, voting method, majority result method)

Ultimate outcome

Figure 1. Principle of random forest algorithm

We independently extracted the training set from random vector X and Y distributions and averaged
the predicted values from the regression of the decision tree to obtain the predicted values from
random forest regression. The formula was shown as follows:

1 n
MO0 = — " () )

2.4. Assumption

We made the following reasonable assumptions and conditional constraints based on the actual
situation to construct a more accurate mathematical model.

Hypothesis 1: The sum of the chemical composition ratios of all cultural relics is between 85%
and 105%, and any data outside this range will be considered invalid and excluded.

Hypothesis 2: If there is no significant correlation between chemical composition and surface
weathering, we assume that the content ratio of chemical composition remains unchanged before and
after weathering in the prediction.

Hypothesis 3: We assume that all glass relics are in the same reaction environment before and after
weathering.

Hypothesis 4. We ignore the influence of other chemical compositions on the prediction result
when conducting a sensitivity analysis to study the prediction of a fixed chemical composition on the
glass type,
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3. Analysis of glass classification based on decision tree model
We applied the decision tree model to calculate the results shown in Figure 2.

PbO =<5.46
gini = 0.405
samples = 46
value = [33, 13]

True

Figure 2. Decision tree structure

As can be seen from Figure 2 of the decision tree, the classification rules of high-potassium glass
and lead-barium glass were shown as follows. When the content of lead oxide (PbO) in the chemical
composition of glass relics was less than 5.46%, it was classified as high-potassium glass. When the
content of the chemical component lead oxide (PbO) in the glass relics was greater than 5.46%, it
was classified as lead-barium glass.

Combined with the accessory data, the proportion of lead oxide (PbO) in high-potassium glass was
between 0 and 1.626%, which was much lower than the standard of 5.46%. It can be seen that the
standard was reasonable and realistic.

4. Subclass analysis based on cluster analysis

Ancient glass cultural relics can be divided into high potassium glass and lead barium glass
according to type. We discussed high-potassium glass and lead-barium glass separately, and clustered
the two types of glass according to the chemical composition in the cultural relics.

4.1. Classification of high potassium glass
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Figure 3. Classification pedigree of high-potassium glass relics

It can be seen that high-potassium glass can be roughly divided into two categories, one was high
content of silica (SiO2) and the other was low content of silica (SiO2) through Figure 3 of the cluster
plot. The classification table was shown as Table 1.

Table 1. Classification of high-potassium glass relics

Category Cultural relic number SiO; content
Category | 03(1) 0722270912101821 Relatively high
Category 11 01 04 03(2) 05 13 14 16 06(2) 06(1) Relatively low
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We analyzed the sensitivity of the change in the number of high-potassium glass classifications on
its classification results. The sensitivity analysis table was shown as Table 2.

Table 2. High potassium glass cultural relic sensitivity analysis table

Number of categories| Category Cultural relic number Chemical composition content

Category | |01 04 03(2) 05 13 14 16 06(2) 06(1) Low SiO; content

3 Category 11 03(1) 07 222709 12 10 High SiO; content

Category 111 1821 High P,Os content

Category | |01 04 03(2) 05 13 14 16 06(2) 06(1) Low SiO; content

A Category Il 03(1) 0722270912 10 High SiO; content

Category 111 18 High K20 content

Category IV 21 K20 content is 0

4.2. Classification of lead barium glass:

Since the content of lead-barium glass silica (SiO2) before weathering accounted for the largest
proportion on average, lead oxide (PbO) was the second. The content of lead oxide (PbO) after
weathering accounted for the largest proportion, followed by silicon dioxide (SiOz2). The proportion
of silica (SiO2) content generally decreased during the weathering process, while the proportion of
lead oxide (PbO) content generally increased during the weathering process. Based on this, we firstly
divided lead barium glass into unweathered lead barium glass and weathered lead barium glass. Then
the cluster analysis method was used to cluster separately.
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Figure 4. Classification of unweathered and weathered lead barium glass relics

4.2.1. Unweathered lead barium glass relics

It can be concluded that the unweathered lead barium glass cultural relics can be roughly divided
into two categories through the cluster plot Figure 4, one was high content of silica (SiO2) and the
other was low content of silica (SiO2). The classification table was shown as Table 3.

Table 3. Classification of unweathered lead barium glass relics

Category Cultural relic number SiO; content
Category | 3RO LQOATBLOBENBR oo gy

Category Il 202430 (1) 30 (2> Relatively low

We analyzed the sensitivity of the change of the classification number of unweathered lead-barium
glass cultural relics on the classification results. Sensitivity analysis was shown in Table 4.
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Table 4. Cultural relic sensitivity analysis table of unweathered lead barium glass

Number of categories Category Cultural relic number Chemical composition content
Low SiO: content
Category | 20 Low PbO content
3 Category 11 24 30(1)30(2) Low SiO: content
Category 111 |2342(0) 822 47 46492556550 285235 g 50, conten
Category | 20 Low PbO content
Category Il 24 High BaO content
4 Category Il 30(1) 30(2) Low SiO: content
Category IV 23 42(1) 42(32,1 Aé; 2673 j% ég 32 50283235 High SiO2 content

4.2.2. Weathered lead barium glass relics

It can be seen from the cluster map that weathered lead barium glass relics can be roughly divided
into two categories, one was the high content of lead oxide (PbO), the other was the low content of
lead oxide (PbO). The classification table was shown as Table 5:

Table 5. Classification table of weathered lead barium glass relics

Category Cultural relic number PbO content

02 34 38 36 19 58 51(1) 49 50 52 56 57
Category | 39 54(1) 40 43(1) 43(2) 51(2) 54(2) 11 Relatively high
2348 25

Category Il 08(1) 26(1) 08(2) 26(2) Relatively low

We analyzed the sensitivity of the change of the classification number of weathered lead-barium
glass cultural relics on the classification results. Sensitivity analysis was shown in Table 6.

Table 6. Weathered lead barium glass cultural relic sensitivity analysis table

Number Chemical
of Category Cultural relic number composition
categories content
02 34 38 36 19 58 51(1) 49 50 52
Category | | 56 57 39 54(1) 40 43(1) 43(2) High PbO content
51(2) 54(2)
3 High PbO content
Category 11 11234825 . .
High SiO: content
Category Il 08(1) 26(1) 08(2) 26(2) Low PbO content
02 34 38 36 19 58 51(1) 49 50 52
Category | | 56 57 39 54(1) 40 43(1) 43(2) High PbO content
51(2) 54(2)
4 Category |1 11 High BaO content
Category 111 2348 25 Low BaO content
Category IV 08(1) 26(1) 08(2) 26(2) Low PbO content
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4.3. Rationality and sensitivity analysis of high potassium glass

Rationality analysis. Based on the attachment data and the previous analysis, we can see that
silicon dioxide (SiO2) was the main component of high-potassium glass, with a proportion range of
[59.01%, 96.77%]. The weathered high-potassium glass had a higher level of silica (SiO2) in its
chemical composition than the unweathered high-potassium glass. Therefore, it was reasonable to use
the level of silicon dioxide (SiOz2) as the criterion for the classification.

Sensitivity analysis. As shown in Table 1 and Table 2, when the number of classifications was
three, cultural relics 18 and 21 were assigned to different categories than when the number of
classifications was two. This was because artifacts 18 and 21 had a high level of phosphorus pentoxide
(P205), which can form a separate category. From this, we can infer that when the number of
classifications was 3, the chemical composition of the subcategories was determined by the level of
silica (SiO) first, followed by the level of phosphorus pentoxide (P20s).

When the number of classifications was four, cultural relics 18 and 21 were each assigned to a
separate category. This was because artifact 18 had a high level of potassium oxide (K20) and artifact
21 had no potassium oxide (K20), so they were classified differently. We can infer that when the
number of classifications is 4, the chemical composition of the subcategories was determined by the
level of silicon dioxide (SiOz2) first, followed by the level of phosphorus pentoxide (P20s), and then
the level of potassium oxide (K20).

As the analysis above showed, the number of categories had a negligible effect on the classification
results, so changing the classification number did not make much difference.

4.4. Rationality and sensitivity analysis of lead barium glass:

4.4.1. Unweathered lead barium glass relics

Rationality analysis. Based on the attached data and the previous analysis, we found that silicon
dioxide (SiO2) was the major component of lead barium glass, with a proportion range of [31.94%,
75.51%]. Hence, it was reasonable to use the chemical composition of silica (SiO2) as the basis for
classification.

Sensitivity analysis. Table 3 and Table 4 showed that when the number of classifications was 3,
artifact 20 was classified separately from the other artifacts, which were grouped into two categories.
This was because artifact 20 had a low lead oxide (PbO) content, which made it distinct from the
others. Therefore, we inferred that when the number of classifications was 3, the chemical
composition of each category was determined by the proportion of silica (SiO2) first and then lead
oxide (PbO).

When the number of classifications was 4, artifact 20 and artifact 24 were each assigned to a
separate category, while the rest of the artifacts were divided into two groups. This was because
artifact 24 had a high barium oxide (BaO) content, which distinguished it from the others. Therefore,
we inferred that when the number of classifications was 4, the chemical composition of each category
was determined by the proportion of silica (SiO2) first, then lead oxide (PbO), and finally barium
oxide (BaO)

4.4.2. Weathered lead barium glass relics

Rationality analysis. Based on the supplementary data and the previous analysis, we observed that
lead oxide (PbO) was the most abundant component in weathered lead barium glass, and its
proportion varied widely among different artifacts. Therefore, it was reasonable to use the lead oxide
(PbO) content as the criterion for classification.

Sensitivity analysis. As shown in Table 5 and Table 6, when the number of categories was 3,
artifacts 11, 2, 48 and 25 were each allocated to a different category than when the number of
categories was 2. This was because these four artifacts had a high lead oxide (PbO) content, which
set them apart from the others. We deduced that when the number of categories was 3, the chemical
composition of each category was determined by the proportion of silica (SiO2) first, then lead oxide
(PbO).
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When the number of categories was 4, artifact 11 was grouped with artifacts 23, 48 and 25, whereas
they belonged to different categories when the number of categories was 2. This was because artifact
11 had a high barium oxide (BaO) content, which distinguished it from the others. We inferred that
when the number of categories was 4, the chemical composition of each category was determined by
the proportion of silica (SiOz) first, then lead oxide (PbO), and finally barium oxide (BaO).

It can be seen that the number of categories did not significantly affect the classification result,
indicating that the classification result was robust to the change of the number of categories.

5. Glass cultural relic identification model based on random forest regression

5.1. Modeling steps

Step 1: The type of high-potassium glass was represented by the number 1, and the type of lead-
barium glass was represented by the number 2.

Step 2: The random forest model for glass type identification was a set of N trees
{5,(X), S2(X), S5(X), ..., Sy (X))}, where X = {x;,x,,x3,...,xy} was the M-dimension feature
vector of glass type.

Step 3: N results were obtained through tree building set operation, among which was the predicted
value of the nth tree for glass type.

Step 4: When training on the training set sample data given a range of feature variables, the feature
variables of the glass type were trained with D = {(X;, Y1), ..., (X, V) ), X; (i = 1, ..., n)to denote,
and Y, refered to the representative numerical value of the glass type.

5.2. Classification and identification results of glass cultural relics and sensitivity analysis

We applied the random forest model for the calculation and the results obtained were shown in
Table 7.

Table 7. Identification results of random forest model

Cultural relic number Forecast results
Al. A6. A7 Hyperkalemia
A2. A3. Ad. A5. A8 Lead barium

We correlated all the chemical components in the data with their predicted glass types and obtained
the correlation coefficients as shown in Table 8.

Table 8. Correlation coefficients of each chemical composition with the predicted results

SiOz Nazo K>0O CaO MgO A|203 F6203
-0.898 0.293 -0.208 0.250 0.085 0.114 0.347
(0.002***)  (0.482) (0.621) (0.551) (0.841)  (0.788) (0.399)
CuO PbO BaO P20Os SrO SnO; SO»
0.098 0.857 0.621 0.498 0.679 0.293 0.161
(0.817)  (0.006***)  (0.100) (0.209) (0.064*)  (0.482) (0.703)

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

The correlation coefficient table indicated that silica (SiO2) and lead oxide (PbO) had significant
effects at the 1% level and strontium oxide (SrO) at the 10% level. The other chemical compositions
did not show any remarkable influence. This suggested that the predicted results were strongly
correlated with silica, lead oxide, and strontium oxide, while other chemical components had weaker
correlations. Therefore, we examined how the changes in the contents of these three chemical
components affected the prediction results by adjusting their levels of silica, lead oxide and strontium
oxide.
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The data showed that the cultural relics had silica, lead oxide and strontium oxide contents within
the effective range of the total content (85%-105%). These contents increased or decreased
proportionally (except for zero values, which only increased) while keeping other chemical contents
unchanged. Based on this, we can identify the glass type of the cultural relics. We substituted the
sorted data into the random forest regression model above, and the calculated partial results were
shown in Table 9, 10, and 11.

Table 9. Sensitivity analysis table of silica to predicted results

Cultural relic Si0, NasO PbO 50, Forecast
number results
Al 78.45 0 0 051  Hyperkalemia
Al 78.45 0 e 1 e 051  Hyperkalemia
Al 78.45 0 2 051  Hyperkalemia
A8 51.12 0 24.24 2.26 Lead barium
A8 51.12 0 25.24 2.26 Lead barium
A8 51.12 0 26.24 2.26 Lead barium

Table 10. Sensitivity analysis table of lead oxide to predicted results

Cultural relic Si0,  NawO PbO 0, Forecast
number results
Al 78.45 0 0 051  Hyperkalemia
Al 78.45 0 . 1 . 051  Hyperkalemia
Al 78.45 0 2 051  Hyperkalemia
A8 51.12 0 24.24 2.26 Lead barium
A8 51.12 0 25.24 2.26 Lead barium
A8 51.12 0 26.24 2.26 Lead barium

Table 11. Analysis table of sensitivity of strontium oxide to prediction results

Culwralrelic i Nao . sr0 sno:  SO2 Forecast
number results
Al 78.45 0 0.03 0 0.51 Hyperkalemia
Al 78.45 0 .. 1.03 0 0.51 Hyperkalemia
Al 7845 0 2.03 0 0.51 Hyperkalemia
A8 51.12 0 3.31 0 2.26 Lead barium
A8 51.12 0 4.31 0 2.26 Lead barium
A8 51.12 0 5.31 0 2.26 Lead barium

The prediction results did not change when the levels of silicon dioxide, lead oxide and strontium
oxide in cultural relics varied. This indicated that the prediction results were insensitive to the
variations in the levels of silicon dioxide, lead oxide and strontium oxide.

We discovered that when the content of compounds increased or decreased within the effective
range of total content, the predicted results were not sensitive to their changes. This indicated that the
model was stable.
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6. Conclusion

This paper used the decision tree model to explore the classification rules of high-potassium glass
and lead-barium glass by studying the chemical composition of ancient glass. The segmentation
method of cluster analysis was used to subgroup each category by selecting the appropriate chemical
composition. Finally, we analyzed the rationality and sensitivity of the classification results. When
the number of classifications changed, the change of classification results was not significant. The
change of classification number was not sensitive to the classification result, which indicated that the
classification result is reasonable. We analyzed the chemical composition of the unknown categories
of glass relics in the data, and the random forest model was established to identify the specific type
of glass relics. Through sensitivity analysis, it was found that the predicted results were not sensitive
to the change of the content of compounds with strong correlation, indicating that the model was
relatively stable.
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