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Abstract
This study proposes a corpus-based periodization of Japanese Kanbun texts based on changes in two-character lexical usage. Traditional
periodization, including the Ochd Bungaku, Gozan Bungaku, and Edo Bungaku periods, has mainly been established from a literary-
historical perspective. By contrast, this study examines a broader range of Japanese Kanbun texts and explores a quantitative, language-
internal basis for periodization.

The analysis uses 691 volumes from the Earth Corpus, covering the eighth to nineteenth centuries and comprising approximately 5.17
million characters. Because reliable word segmentation remains difficult for Kanbun, candidate two-character strings were extracted as
2-grams. Significant lexical units were then selected using frequency, T-score, Z-score, mutual information, and logDice, yielding 1,558
items. Their century-based frequency distributions were analyzed through multiple comparison tests, K-means clustering, correlation
analysis, principal component analysis, and hierarchical clustering.

The results indicate three major lexical stages: the 8th—10th, 11th—13th, and 14th—19th centuries. The 10th century represents a
particularly important lexical watershed. These findings demonstrate that quantitative lexical analysis can complement traditional literary

history and provide a new perspective for periodizing Japanese Kanbun.
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1. Introduction

Japanese Kanbun literature is an important cultural
exchange between China and Japan, and an important
academic resource for the study of East Asian culture.
Historical segmentation is a major topic of historical
research, and traditional studies divide the history of
Japanese Kanbun before the Meiji period into three
periods: the Ochd Bungaku period, the Gozan Bungaku
period and the Edo Bungaku period, from a literary-
historical perspective (Yoshida, 1932; Inoguchi, 1980;
Chen, 2011; Ma, 2003).

This study attempts to establish a comprehensive
historical periodization of Japanese Kanbun on the basis of
broad patterns of language use. Using the frequencies of
two-character strings extracted from a large-scale corpus of
East Asian Kanbun texts, we adopt a quantitative,
statistically grounded approach and employ computer
programming to conduct an automated cluster analysis of
historical Japanese Kanbun texts.

The findings of this study may provide new methods and
quantitative evidence for research on the vocabulary and
historical development of Japanese Kanbun. They may also
offer a new perspective on the spread of Literary Chinese
and Chinese-character-based written culture across East
Asia.

2. Related Research

In the first section, we have briefly described the traditional
study of the staging of the history of Japanese Kanbun
literature. Here, we will sort out studies that deal with the

staging of the history of Japanese Kanbun literature in short.

Early studies divided the history of Japanese Kanbun
literature into four periods: the ancient period, the mid-
ancient period, the late ancient period, and the modern
period (Haga, 1928). This classification has clear hints of

political history and is relatively simple. The practice of
dividing the history of Japanese Kanbun literature before
the Meiji period into four periods emerged in the mid-
twentieth century, which can be summarized as the Age of
Court Literature, the Age of Noble Literature, the Age of
Monastic Literature, and the Age of Confucian Literature
(Toda, 1957; Ogata, 1961). This classification differs in the
specific periods into which they are divided, but the overall
division is still in accordance with the staging of political
history. In the second half of the 20th century, authoritative
studies divided the history of Japanese Kanbun literature
into three periods: the Ochd Bungaku period, the Gozan
Bungaku period, and the Edo Bungaku period (Inoguchi,
1980). This classification has also been affirmed and
followed by Chinese researchers (Chen, 2011; Ma, 2003).
The beginning of the Gozan Bungaku period almost
coincided with the establishment of the Kamakura
shogunate, as did the Edo Bungaku period and the
Tokugawa shogunate. We can see that traditional research
on the staging of literary history lacks the support of
quantitative data, which becomes a starting point for this
article.

Unlike the English text, the processing of Chinese text
faces the problem of word segmentation. The commonly
used Chinese and Japanese word segmentation tools do not
meet the requirements of Kanbun. Therefore, this paper
refers to the methods used in some corpus studies to obtain
classical Chinese (or Kanbun) two-character words. Luo
and Sun (2003) tested the performance of nine widely
adopted statistical measures of such kind in Chinese word
extraction on the individual basis and suggested that mutual
information will be an effective way in Chinese word
extraction. In this paper, we mainly refer to N-gram theory,
and statistical methods based on frequency, mutual
information, and hypothesis testing to obtain classic
Chinese two-character words (Duan et al.,2012). We also
tried to apply statistical measures used to determine
keyword collocations and the typicality of word



combinations, such as Z-scores, to the extraction of two-
character words (Wei, 2002). In addition, T-scores, Dice
coefficients, and logDice coefficients, which are lexical
association scores, were also applied to this attempt at word
segmentation (Ishikawa, 2008; Rychly, 2008). The results
of the word segmentation obtained by statistical methods
will be the subject of this paper.

The use of large-scale corpora and statistical methods
has become increasingly common in empirical linguistic
research. Among these methods, cluster analysis has been
applied to the comparison, classification, and diachronic
analysis of linguistic data. Previous studies have used
various clustering techniques to identify developmental
stages in individual linguistic phenomena, to periodize
modern Chinese on the basis of newspaper corpora, and to
compare textual styles through word-frequency patterns
(Gries & Hilpert, 2012; Gries & Stoll, 2009; Rao & Li,
2017; Fang & Lin, 2022). These studies demonstrate the
potential of clustering methods for diachronic linguistic
research. However, such statistical clustering methods have
not been widely applied to the classification and
periodization of Japanese Kanbun texts. The present study
therefore applies cluster analysis to two-character
frequency data in order to examine the historical
periodization of Japanese Kanbun from a quantitative
perspective.

3. Materials and Methods

Next, we present the corpus used in this study and how we
extracted the target two character words from it (Section
3.1). Then we describe the statistical analysis used in this
paper (Section 3.2). In this paper, the letters ‘A-L’ in the
charts and figures represent the 8th century to the 19th
century, respectively.

3.1 Corpus and Word Extraction

This paper uses the 691 volumes of Japanese Kanbun
literature from the 8th to the 19th centuries collected in the
Earth Corpus B version as data set. The corpus is the first
diachronic corpus for the study of Chinese words (Wang,
2024). Its contents cover most of the important Japanese
Kanbun works of different eras. The total number of
characters in the data set is 5,174,103. The numbers of
characters and documents in each century are shown in
Figures 1 and 2. The corpus has been balanced in terms of
content, and we can see that the total number of characters
is at a relatively similar level across the centuries. However,
in terms of the number of documents, the number of
documents in the 15th and 16th century is lower than in the
other centuries due to the inherent differences in the
number of Kanbun works in different periods. Overall,
however, the amount of data used in this study is very large
and suitable for analysis using statistical methods.

A 2-gram is a string of characters containing two
adjacent characters. In this paper, all 2-grams occurring in
Japanese Kanbun works are used as candidate sets for two-
character words, and statistical methods are used for
automatic extraction of two-character words!. By 2-gram
processing of all texts in the corpus, a total of 1048576

! In this study, the term “two-character word” is used
operationally to refer to a statistically selected two-character

different two-character strings were obtained. Among them,
4386 were used with a frequency of 100 or more. By
calculating the T-score, Z-score, mutual information (MI),
and LogDice coefficient (LD) of these 2-grams, we
obtained the internal associative strength of character
strings. The significant collocations were filtered according
to the statistical values with the following conditions: T-
score 1.645, Z-score 2, MI 3, LD 5. Finally, 1558
significant collocations of two-character words were
obtained (Table 1).

two-character Frequency Z-score  T-score MI LD
words (100)
LN 5166 71373 7152 7.65 12.84
RE 2678 353.65 5122 6.60 11.62
KT 2267 16538 4591  4.80 10.82
KE 2065  159.87  43.85  4.84 10.62
4H 1580  122.16  37.99 450 1029
Al 1545 44475  39.16 8.02 12.00
FiE 1464 1116.07 3824 10.74 13.46
A 1422 5735 33.05 3.02 9.4
e 1219 18953 3436 597 1085
HA 1091 11203  31.80 475 995
omitted below

Table 1: An illustration of 2-character words extraction.

In statistical studies, stable and reliable data usually has
great value of the reliability coefficient. Cronbach
coefficient of 0.7-0.8 indicates high reliability of the scale,
and 0.8-0.9 indicates very good reliability of the scale.
According to the reliability test conducted by RStudio, the
Cronbach’s Alpha coefficient of the total volume table was
0.7679975, which exceeded the minimum acceptable level
of 0.7, indicating good internal consistency and reliability
of the data, which could be used for statistical inference
research.
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Figure 1: Numbers of characters each century.

lexical unit, rather than a word identified through linguistic word
segmentation.
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3.2 Cluster Analysis Algorithm and
Preprocessing

In this paper, we use K-means algorithm and hierarchical
method to classify the texts in the corpus, and RStudio is
used to complete the clustering. Steinhaus in 1956
(multidimensional data), Lloyds in 1957 (computer and
pattern recognition field ‘Lloyd algorithm’), Ball and Hall
in 1965 and McQueen in 1967 (first named ‘k-means’)
independently proposed K-means clustering algorithm in
their respective fields of scientific research. Then K-means
clustering algorithm has been widely studied and applied in
different areas, and a large number of different improved
algorithms have been developed. Although K-means
clustering algorithm has been proposed for more than 50
years, it is still one of the most widely used partition
clustering algorithms (Lloyd, 1957; Ball and Hall, 1965).

K-means algorithm is a typical distance-based clustering
algorithm. It adopts distance as the evaluation index of
similarity, that is, it believes that two closer objects have
more similarities. The algorithm considers that a class is
composed of objects close to each other, so the final goal is
to get compact and independent classes. The algorithm
essentially consists of two phases. First, the algorithm
assigns cases to initial k classes. Second, the assignment is
updated by adjusting the boundaries of the classes. The
boundaries are based on the cases that fall into the current
class. Repeat the update and allocation process several
times until the changes are no longer improving the class’s
goodness. Then the process stops and the final clusters are
obtained.

Assume that the characteristic space is a n-dimensional
real vector space R" For vectors x; X € T
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In this paper, various distances are tested to classify the
2-character words in the corpus. Finally we adopt
Euclidean distance which best matches the texts.

As for the hierarchical method, it performs a hierarchical
decomposition of a given dataset until some condition is
met. Specifically, it can be divided into two schemes:
‘bottom-up’ and ‘top-down’. In a bottom-up scenario, each
data point starts with a separate group, and in subsequent
iterations, the combination of proximity is combined into a
group by a certain distance measure until all records form
a group or meet a certain condition. Representative
algorithms are: BRCH algorithm, CURE algorithm,
CHAMELEON algorithm, etc. This method is often
applied to the merging stage after taking K-means
algorithm with a relatively large K.

Figure 3 shows the Rank-frequency distribution of the
two-character words in Japanese Kanbun literature from
the 8th to the 19th centuries, and it can be seen that the word
frequency of the top 50 and the back show a cliff-like drop.
It stabilized after 300. From the boxplot of total frequency
(Figure 4), it can also be seen that there are more data
singularities, and the words that appear less frequently are
densely distributed. Figure 5 shows the Rank-frequency
distribution of the two-character words in Japanese Kanbun
literature by century (The letters ‘A-L’ represent the 8th
century to the 19th century, respectively), and the word
ordering method is the same as the total word frequency
(Figure 3), which shows that the high-frequency words in
each century are similar, but the relatively low-frequency
vocabulary has a distinct era style. From the boxplot of
frequency by century (Figure 6), we can more intuitively
discover the differences between eras. Both the word
frequency interval and the degree of dispersion show
different levels.
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Figure 3: Rank-frequency distribution of the two-
character words from the 8th to the 19th centuries.
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Figure 4: Boxplot of total frequency of the two-character
words from the 8th to the 19th centuries.



Rank-frequency distribution by century

avon

000

] s00 1000 1500

Rark

Figure 5: Rank-frequency distribution of the two-
character words by century.

Through Bartlett’s test for testing homogeneity of
variance of the word frequency, we found significant
differences in word frequency between eras. Analysis of
variance and multiple comparisons are performed below.
The results of multiple comparisons are shown in Figure 7
(red shows no significant difference, blue shows significant
difference). By clustering eras with no significant
differences through multiple comparisons, the following
groupings can be obtained: (8, 9, 10, 13), (11,12), (14, 15,
16, 17, 18, 19). Excluding the revival of classical literature,
the preliminary chronology should be divided into the 8th-
10th centuries, the 11th-12th centuries, the 13th century,
and the 14th-19th centuries. We find significant differences
between the pre-middle and late Ochd Bungaku period. The
early appearance of the Gozan Bungaku period is also
related to this, and the early style of the Gozan Bungaku
period in the thirteenth century may have been a certain
degree of literary revival at the beginning of the Ochd
Bungaku period, and then began its own stylistic evolution.
The style of the Edo Bungaku period is not significantly
different from that of the late Gozan Bungaku period.

Boxplot of frequency by century
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Figure 6: Boxplot of frequency of the two-character words

by century.

Figure 7: Multiple comparisons of significant differences
in word frequency across eras.

4. Clustering

In order to further explore the differences and
commonalities in the usage of words in different eras, we
first chose the K-means algorithm to cluster the texts in the
corpus in this paper. We started clustering after setting the
number of clusters to three and obtained the following
results: from the 8th to the 10th century, from the 11th to
the 13th century, and from the 14th to the 19th century. We
then re-determined the number of clusters using the scree-
plot (Figure 8).
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Figure 8: Scree-plot.
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Figure 9: An illustration of the epoch division.

Increasing the number of cluster centres, we find that when
the number of cluster centers reaches 4, the 10th century is
cut off from the Ochd Bungaku period. When the number
of cluster centers reaches 5, the division of the Edo
Bungaku period at the 16th century will be represented.
And when the number of cluster centers reaches 6, the 13th
century of the pre-Gozan Bungaku period is cut off
separately (Figure 9). Furthermore, the data suggests a
clear difference in literary style around the 10th century,
saying that the split between the early-middle and late Ochd
Bungaku period is even more significant than the
separation between the three major periods.

We find that the highest correlation between the 10th
century and any other century is with the 9th century (0.47),
followed by the 8th century (0.35), so we believe that the
10th century should belong to an upper cluster branch
together with the 8th-9th centuries. However, the highest
value of only 0.47 is still a relatively low level, suggesting
that Japanese Kanbun literature of the 10th century was
somewhat specific in its lexical style and that the century
was a crucial transitional period in the history of Japanese
Kanbun literature. The highest correlation between the 13th
century and any other century is with the 12th century
(0.66), followed by the 11th century (0.56), so we believe



that the 13th century should belong to the same upper
cluster as the 11th- 12th centuries.

In addition, as a validation, the word frequencies of each
century were clustered using hierarchical clustering to
verify the above staging. Figure 10 shows the results of this
hierarchical clustering, which are broadly in line with the

above conclusions, with the 10th century still showing a
strong specificity.

Hierarchical cluster of vocabulary usage in historical corpora
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Figure 10: Hierarchical cluster of vocabulary usage in historical corpora.
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1.00
0.66
0.35
0.21
0.24
0.08
0.00
0.03
0.02
0.20
0.03
0.08

0.66
1.00
0.47
0.40
0.42
0.20
0.08
0.10
0.09
0.26
0.08
0.14

0.35
0.47
1.00
0.27
0.29
0.21
0.03
0.06
0.05
0.15
0.03
0.06

0.21
0.40
0.27
1.00
0.73
0.56
0.30
0.33
0.31
0.43
0.32
0.38

0.24
0.42
0.29
0.73
1.00
0.66
0.20
0.28
0.23
0.31
0.17
0.23

0.08
0.20
0.21
0.56
0.66
1.00
0.28
0.30
0.29
0.26
0.14
0.19

0.00
0.08
0.03
0.30
0.20
0.28
1.00
0.69
0.58
0.52
0.58
0.55

0.03
0.10
0.06
0.33
0.28
0.30
0.69
1.00
0.69
0.47
0.48
0.48

0.02
0.09
0.05
0.31
0.23
0.29
0.58
0.69
1.00
0.42
0.39
0.42

0.20
0.26
0.15
0.43
0.31
0.26
0.52
0.47
0.42
1.00
0.73
0.78

0.03
0.08
0.03
0.32
0.17
0.14
0.58
0.48
0.39
0.73
1.00
0.86

0.08
0.14
0.06
0.38
0.23
0.19
0.55
0.48
0.42
0.78
0.86
1.00

Table 2: Relevance matrix of the frequency of the two-character words in Japanese Kanbun
literature from the 8th to the 19th centuries

5. Results

Based on the clustering results, we suggest to divide the
history of Japanese Kanbun literature from the 8th to the
19th centuries into three periods from the point of view of
lexical usage. The first period is from the 8th century to the
10th century, which can be further divided into two smaller
periods, 1-1 for the 8th century to the 9th century and 1-2
for the 10th century. The second period, from the 11th
century to the 13th century, can be subdivided into a 2-1
period from the 11th century to the 12th century and a 2-2
period consisting of the 13th century alone. The third
period is from the 14th century to the 19th century, which
can also be divided into two segments, 3-1 from the 14th

century to the 16th century and 3-2 from the 17th century
to the 19th century. Figure 11 briefly illustrates the staging.
Compared to the traditional staging of the history of
Japanese Kanbun literature, the staging of the three major
periods in this paper has three main points of difference.
One is the split in the Ochd Bungaku period at around the
10th century. In terms of data, the differences in vocabulary
usage around the 10th century are actually much greater
than the differences between any two of the three major
periods of traditional staging. And the 10th century itself
has certain peculiarities. We therefore argue that the
staging of the first and second periods reflects the fact that
the 10th century was an important turning point and



transitional period in the history of Japanese Kanbun
literature.

The Ocho Bungaku The Gozan Bungaku The Edo Bungaku

period period period
8C~12C m 17C~19C
8C~10C 11C~13C 14C~19C
The 1st The 2nd The 3rd
period period period

Figure 11: An illustration of the result of the epoch
division.

Another notable difference concerns the conventional
boundary between the Gozan Bungaku and Edo Bungaku
periods. In the present analysis, the 14th—19th centuries
show relatively similar patterns of lexical usage and are
grouped into the same major cluster. By contrast, the 13th
century, conventionally associated with the early Gozan
Bungaku period, shows greater similarity to the 11th—12th
centuries and is therefore classified within the second
period. This suggests that diachronic changes in lexical
usage were gradual and did not necessarily coincide with
conventional literary-historical or political-historical
boundaries.

6. Conclusion

In this paper, we have used corpus and statistical methods
to conduct a period staging of the history of Japanese
Kanbun literature. First we used statistical methods to
extract 2 character words from the Japanese Kanbun corpus
and obtained 1,558 statistically selected 2-character words
as the survey data set. We conducted multiple comparisons
of the data from the 8th to the 19th centuries in terms of
lexical usage, and the results showed significant
differences from traditional staging. In response, we further
performed K-means clustering. We found that when the
number of cluster centers was 3, the staging results
obtained were closer to the results of multiple comparisons
and differed more from traditional staging. The boundaries
of the three major periods in traditional staging are only
fully presented when the number of cluster centers reaches
6. At the same time, however, the 10th century and the 13th
century are cut off separately. For the specificity of these
two centuries, a correlation matrix was calculated and
produced for the usage of vocabulary in each century.
According to the correlations, the 10th century is closer to

the 8th-9th centuries, but still maintains a strong specificity.

The 13th century, on the other hand, is closer to the 11th-
12th cen turies. By means of hierarchical clustering we also
obtained similar conclusions. Finally, based on patterns of
two-character lexical usage, we divide the history of
Japanese Kanbun into three periods: the first period (the
8th—10th centuries), the second period (the 11th—13th
centuries), and the third period (the 14th—19th centuries).
The first and second periods are separated by a marked
change in lexical usage around the 10th century, while the
13th century shows transitional characteristics between the
second and third periods. The third period is characterized
by relatively high lexical similarity across centuries. These
results suggest that the 10th century represents an

important watershed in the lexical history of Japanese
Kanbun..

This study focuses on the period staging based on
quantitative analysis. The three stages identified here
should be understood primarily as stages of lexical
similarity in the present corpus, rather than as a
replacement for established literary periodization. Further
quantitative and qualitative analyses can give us more
insight into the question of what char acterized the usage of
vocabulary in these periods, and this could be a path for
future work.
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