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Abstract With the rapid development of mobile Internet technology and social media software technology, it has an 
important impact on the dissemination of Japanese text information. In this paper, Japanese text is conventionally 
preprocessed, and the LDA topic model is selected to represent Japanese text, and then the feature extraction of 
Japanese text is accomplished with the help of the chi-square distribution, and the features are deployed into the 
plain Bayesian algorithm for classification. Taking this as an entry point, the Japanese text-user interaction is 
established by introducing the similarity degree, and the information diffusion model is formed with the support of 
conditional random field theory and feature function. Compared with the traditional method, the prediction effect of 
the Japanese text information dissemination path of the model in this paper is particularly outstanding, with the 
values of 0.7439, 0.7743, and 0.7758, which verifies the performance of the information diffusion model based on 
the conditional random field in the application of the information dissemination path of the Japanese text, and it has 
an optimizing effect on the current information dissemination path of the Japanese text. 
 
Index Terms random field theory, characteristic function, information diffusion model, Japanese text information 

I. Introduction 
Europe has always been at the forefront of the world in the international competition for language communication. 
In Asia, Japan was the first to become a pioneer in the world, with organizations such as the Japan-China 
Association, which was established in 1918, the International Cultural Promotion Association in 1934, and the 
International Alumni Association in 1935, all of which had the task of language dissemination [1]. Today, there are 
at least two dozen organizations in Japan engaged in or supporting the international dissemination of the Japanese 
language, a number comparable to that of France [2]. Among these organizations, the Japan Foundation for 
International Exchange (JFIE) is the one most closely linked to the Japanese government [3]. Established in October 
1972, the Japan Foundation for International Exchange (JFIE) is under the supervision of a special administrative 
corporation supervised by the Japanese Ministry of Foreign Affairs, and is the only official organization supported 
by the Japanese government to carry out international cultural exchanges on a global scale [4]. The Foundation 
consists of the Tokyo headquarters, the Kyoto office and 25 overseas offices in 24 countries and regions, as well as 
two affiliated organizations, the Japanese Language International Center and the Kansai International Center [5]-
[7]. Its purpose is to promote Japan's engagement with the world through activities in three areas: artistic and 
cultural exchange, overseas Japanese language education, and knowledge exchange, to cultivate goodwill toward 
Japan among individuals and groups overseas, especially among public opinion influencers and policy makers, to 
increase Japan's attractiveness, and to help build a more positive image of Japan, and to enhance Japan's cultural 
soft power [8], [9]. 

With the continuous development and popularization of new media, the influence of new media on Japanese 
language reading and dissemination is gradually expanding [10]. It not only provides learners with rich learning 
resources and convenient access, but also provides an efficient platform for the dissemination of Japanese texts 
[11], [12]. However, in order to give full play to the communication advantages of the new medium, it is also 
necessary to continuously optimize and improve the content quality and user experience [13]. By refining the content, 
accelerating the frequency of content update, clarifying audience orientation, enhancing interactivity, prioritizing 
advertising content, optimizing business strategies, enhancing cultural values, and strengthening personnel quality 
training, users' motivation to read and enthusiasm for dissemination of Japanese texts can be stimulated [14]. 

In this paper, the automatic Japanese text classification process is firstly expressed in detail, and the process 
mainly includes text classification preprocessing, text representation, feature extraction, classifier, and the 
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automated classification of Japanese text is completed under the guidance of the above theory. Taking this as the 
starting point for the construction of the information expansion model, in order to establish the interaction between 
Japanese text and users, a similarity calculation method based on user attributes and a multi-information interaction 
impact measure method are proposed, and then the information expansion model is constructed by integrating the 
conditional random field theory, the feature function, and the parameter estimation. Finally, the model is validated 
in three dimensions: Japanese text classification, similarity, and propagation path prediction. 

II. Japanese Text Information Diffusion Model 
II. A. Automatic Japanese Text Classification 
The main purpose of this subsection of this paper is to introduce the steps of Japanese text categorization and 
provide a brief description of the related techniques involved, including text categorization preprocessing, text 
representation, feature extraction, and classifiers. The detailed design process is shown below: 
 
II. A. 1) Preprocessing for Japanese Text Classification 
Preprocessing text is the first step in text categorization. In Japanese text, the punctuation mark is a separator 
between sentences, and each sentence is coherent with no special character or separator to separate the sentences; 
however, in English sentences, each word has a space character as a spacer to separate neighboring words. A 
computer cannot directly process a whole sentence, but can only cut the complete sentence into words and 
represent them one by one, and then use the word frequency and the correlation between words to recognize and 
classify the sentence. In Japanese sentences, prepositions, exclamations, and intonational auxiliaries appear more 
frequently, and although they appear more often in the document, they do not help classification, and they also have 
a negative effect, which affects the accuracy of classification, so the preprocessing stage requires the removal of 
deactivated words after the text is divided into words. 
 
II. A. 2) Text representation 
Text after the word separation step, is unstructured character data, the computer can not directly recognize these 
words for the next step, the need to convert these characters into a data format that the computer can recognize, 
this process is called text representation [15]. Commonly used text representation methods are: Boolean model, 
LDA (implicit Dirichlet distribution) subject model, word embedding model and so on. In view of the research content 
of this paper, the LDA topic model is chosen to represent Japanese text. When the parameters   and   are 
determined and the topic distribution is  , the joint distribution of topic Z and word W is: 
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where 0, ( )i x     is the Gamma function. For the only i such that 1i
nz   ,  |np z    is i  . At this point, the 

marginal distribution values of the text can be obtained by integrating over   and summing over z : 
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Finally, assuming that the parameters   and   are sampled once during the corpus generation process,   

is sampled only once in each text, and nz  and nw  are vectors of feature words, the text in which All feature words 

are sampled once. Consider the product of the edge probabilities of a single document computed as: 
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II. A. 3) Feature extraction 
Feature selection refers to the process of extracting the set of feature items in the original text that best represent 
the textual information without changing the original spatial attributes [16]. The classical feature extraction methods 
are document frequency (DF), mutual information, information gain (IG), chi-square test (CHI), etc., while the text 
uses chi-square distribution to complete the text feature extraction work. The chi-square distribution is a method to 
determine the degree of correlation between the feature term x and category c; and assumes that the two are 
consistent with the distribution of 2x . The larger the calculated value of 2x  between the feature term x and the 
category ic , the more the feature term contains textual topic information, and the more useful it is for classification. 
Let N   denote the total number of texts in the training set, ic   denote a certain category, x   denote a certain 
feature term, A   denote the number of documents belonging to the category ic   which also contains x  , B  
denote the number of documents which do not belong to the category ic  but contain x , C  denote the number 
of documents belonging to the category ic  but does not contain x , and D  denotes the number of documents 
that neither belong to the category ic  nor contain x , then the value of 2x  between x  and ic  can be calculated 
using equation (5). For: 
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For a multi-category problem, the 2  values of x with respect to each category can be computed separately, 
and then the 2  values of x for the entire training set can be computed using Eq. (6), where m is the number of 
categories. For: 

  2 2
1( ) max ,m

i ix x c   (6) 

II. A. 4) Classifiers 
Plain Bayesian classifier is a supervised, probabilistic classification method based on the assumption of conditional 
independence, the basic idea is to analyze the data in the training set, assuming that the features are conditionally 
independent, and obtaining the joint probability distribution of the feature terms and the classification categories, 
and for the input document d, the classification category with the largest posterior probability of the document can 
be computed by using Bayes' theorem. The experimental steps of the plain Bayesian classification method are as 
follows: 

Assuming that the given text object  1 2, , , ,n jd t t t t    is a feature term of d, the probability of document d 

belonging to the category ic , according to the Bayesian formulation is calculated as follows: 
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In the field of text categorization, there are two cases depending on the representation method used for the 
document: 

(1) The vector representation of a document is realized using the document frequency method, which uses 
Boolean values to represent each component of the vector V, where “0” means that the feature does not appear in 
the document and “1” means that the feature appears in the document. That is: 
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where  iP c   denotes the prior probability of category ic   and   |j iP d t c   is the conditional probability of 

occurrence of feature jt  in a document belonging to category ic . 

(2) The vector representation of a document is implemented using the word frequency method, which uses the 
frequency of occurrence of a feature item in a document to represent each component of the vector V. In this case, 
the probability of a document d belonging to the category ic  is computed as follows: 
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where  ,jTF t d   denotes the frequency of occurrence of the feature term jt   in document d, and  |j iP t c  

denotes the conditional probability of occurrence in the category ic   documents, the conditional probability of 

occurrence of the feature term jt . 

 
II. B. Similarity calculation based on user attributes 
Japanese text messages have a huge amount of data, and users need to spend a lot of time and energy to filter 
and identify them while browsing these messages. The text messages sent by users are the most subjective and 
direct information output in all social behaviors, and they are the most important part of the user's personality and 
points of interest. Therefore, in the study of similar users, it is necessary to focus on the similarity of this part of the 
study 

The data initialization stage is mainly established as the establishment of the filling user household item scoring 
matrix, the specific form is as in equation (12). That is: 
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where N  and M  are the number of users and the number of items, respectively. 
In Eq. (12), the rows represent the users' ratings of the items, and the columns represent the ratings of each user 

of an item. 
Similarity is used to describe the degree of similarity between two users, similarity calculation is the most critical 

holding art, the current similarity calculation methods are quite a lot, they have their own scope of application. 
Let the user attributes of user u  be  1 2Attr , , , ,i i i ina a a n   is the number of attributes, if the m th attribute of 

user u   and v   is the same, then there is SI  . is the same, then is has ( , , ) 1AttrSIM u v m   , otherwise 

( , , ) 0AttrSIM u v m  , and the similarity of user u  and v  is equation (13). Namely: 

 ( , ) ( , , )Attr m Attr
m Attr

SIM u v w SIM u v m


   (13) 

where iw  is the weight of the i th attribute. 
 
II. C. Metrics for the impact of multi-information interactions 
This paper proposes a probabilistic approach to the problem of how to quantify the interaction effect of “historical 
information sequences” on current information. A stochastic gradient descent parameter fitting method is used to 
estimate the model parameters. The specific implementation is as follows: 

Assuming that when a user sees a piece of information, he/she only remembers K  pieces of information before 
that piece of information, and K  is represented as a window of information, when 2K  , as shown in Fig. 1. 
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Figure 1: The visualization form of the model when K=2 

The method will compute the probability that the current information X  is “infected” (i.e., shared/adopted by the 
user) given the historical information 1 2, , , kY Y Y , i.e., : 

  0 0 1 1 2 2| , , , k kP X u X u Y u Y u Y u       (14) 

The formula can be simplified as  1 2| , , , kP X Y Y Y  or: 
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Assuming that there are W   information in the whole dataset, there are KW   different combinations of K  

historical information in the calculation of Eq. (15), and for a fixed value of K , the calculation is obviously infeasible 
when W  is very large, so a conditional opposability assumption is proposed, that is, kY  and tY  are mutually 

independent, then Eq. (15) can be expressed as: 
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It should be noted that  kP Y P  means that the probability of a message at a distance k  from the current 

message X   is P  . Thus, ( )P X P   can be used as an a priori probability of X  , which can be obtained by 

empirical learning, using the number of users “infected” by X  divided by the number of all users who have seen 
X . Thus, with respect to Eq. (16), it is sufficient to compute each  | kP X Y . 

 
II. D. Model construction 
II. D. 1) Problem Mapping 
The forwarding behavior of users triggers the diffusion of text messages in the network, so the study of information 
diffusion is essentially a study of user behavior. And the goal of the model built in this paper is to predict the maximum 
possible output sequence of each user in the network on whether a certain text message is forwarded or not. That 
is: 

 ˆ arg max ( | , )
y

y P y m x  (17) 

Three factors are relevant to this probability: (1) the dependency between the output term iy  and jy ; (2) the 

effect of the interaction between the information m  and the user entity x ; and (3) with respect to the computation 
of the maximum a posteriori probability, it can be computed either by using the joint probability distribution ( , , )P y m x  

of the generative approach or by using the the conditional probability distribution ( | , )P y m x   of discriminative 

methods to compute it. These factors drive us to use both Hidden Markov Theory (a generative approach) and 
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Conditional Random Fields (a discriminative approach) to solve this probability problem. Therefore, in this paper, 
we propose a multi-information diffusion model based on conditional random fields, respectively. 

 
II. D. 2) Conditional Random Field Theory 
A conditional random field model is a model of the conditional probability distribution of another set of output 
sequences given a set of input sequences, which is essentially a conditional sequence undirected graph model. 
Conditional on a given observation sequence, the CRF computes the joint probability distribution of the entire 
observation series corresponding to the labeled sequence, instead of labeling the distribution of the next state given 
the current state as in a Hidden Markov Model (HMM).The CRF combines the advantages of the HMM and the 
maximal field model, and makes no Markov independence assumption on the observation sequences, which allows 
the CRF to better fit the feature information of labeled sequence interactions.Although CRF improves the feature 
information of proximity interactions, it is not able to utilize the dependence information for long distances, and the 
effectiveness of CRF depends on the manual selection of features, which does not allow for good end-to-end 
learning.The parameterization of CRF is defined as follows: 
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where  1, , ,k t it y y x i  is the transfer eigenfunction expressing the “transfer from the previous node 1iy   to this 

node iy  given the observation x”;  , ,l is y x i  is the state eigenfunction that expresses “the case where the current 

node iy  is or is not labeled x”. k  and tu  are the corresponding weights of the eigenfunctions, respectively, and 

( )Z x  is the normalization factor, which is a summation over all possible output sequences. 

The accurate use of CRF depends on the use of features and the definition and learning of feature functions, and 
the use of CRF in a specific domain sometimes requires summarizing structural features in a large amount of corpus 
and transforming them into feature functions of CRF, for example, when CRF is used for lexical annotation, it can 
give positive value to the feature of annotating the series of “two verbs appearing in different immediate vicinity”. 
For example, when CRF is used for lexical annotation, the feature of “two verbs occurring in different immediate 
neighborhoods” can be given a positive score for the annotated series, and the decision of CRF for the final series 
is based on the scoring values of all the words in the potential series by all the feature functions. 

Note that in the definition of CRF, we do not require that X and Y have the same structure. Instead, in the 
implementation, we generally assume that X and Y have the same structure, and the CRF constitutes a linear chain 
conditional random field (CRF), the structure of which is shown in Figure 2 below. 

Y1 Y2 Y3 Yn

……

1 2 nX X X X   

Figure 2: Linear chain conditional random field structure diagram 

II. D. 3) Selection of Feature Functions 
The characteristic function ( )f    is a user-defined set of functions that can be used to help characterize the 
distribution of a random variable and fit realistic data well. The strength as well as the positive and negative 
directions of the eigenfunctions are represented by a set of weights obtained through training, and the potential 
function c  of the cluster is essentially a linear combination of the corresponding eigenfunctions. The weights   
are the parameters of the CRFs. 
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The eigenfunctions considered in this paper fall into three main categories: node-related features  ,u
i uf m y  and 

 , ,u
v u uf m x y  and edge-related features  , , , , ,v

u v u vRf m x x y y , which represent the microblog information features, 

user features and relationship features, respectively. 

The tweet information feature  ,u
I uf m y   contains features that affect retweets by their own power, which is 

independent of the user. For example, whether the message contains a URL or not, 12 items in total. 

The user feature  , ,u
v u uf m x y   contains features that match the user u  's own characteristics and have an 

impact on whether a message is forwarded or not, which depends on the user u . For example, the content similarity 
between user u 's historical forwarded messages and the current message, which has 11 items. The relational 

feature  , , , , ,u v
R u v u vf m x x y y  contains features that match the common characteristics of users u  and v  and that 

have an impact on whether a message is forwarded by them at the same time, which relies on the interaction 
between users u  and v . For example, user u  and user v  have a total of 2 items of content similarity between 

their historical forwarded messages and the current message. I  denotes all messages (including all forwarded 
Japanese text messages), tI  denotes all original Japanese text messages (excluding forwarded Japanese text 

messages), rI  denotes all forwarded Japanese text messages, and cI  denotes the category that the current 

message belongs to. Based on the above definition of the feature function, Eq. (20) can be rewritten as: 
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Regarding the classification involved in the three feature lists, the user similarity and multi-information interaction 
metrics are based on a simple Bayesian-based Chinese short text classification method, a similarity calculation 
method based on user attributes, and a multi-information interaction measure, respectively, as described in the 
previous section. Among them, the similarity calculation method based on user attributes adds the user forwarding 
behavior interaction measure to the original three attributes (background similarity, text similarity and social 
similarity). 

 
II. D. 4) Parameter estimation methods 

In order to learn the parameter  k   in Eq. We form a training set  ( ) ( )
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textual information R , and the maximum likelihood function for maximizing regularization is obtained: 
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That is, 
( )

0
d

d





 , based on the comparison of the optimization algorithms, this paper finally chooses the L-

BFGS algorithm for the parameter estimation.The L-BFGS algorithm is described as follows: 

Input: feature functions 1 2, , , nf f f ; empirical distribution ( , )P X Y . 

Output: optimal parameter values ̂ ; optimal model ˆ ( | )P y x . 

(1) Select the initial point (0) , take 0B  as a positive definite symmetric matrix, and set 0k  . 

(2) Compute the gradient function  ( )k
kg g  . If 0kg   then stop the calculation; otherwise go to (3). 
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(3) Find kp  from k k kB p g  . 

(4) One-dimensional search: find kw  such that the learning optimization objective function: 

    ( ) ( )min ( 0)k k
k k kf w p f wp w      (22) 

(5) Set ( 1) ( )k k
k kw p    . 

(6) Calculate  ( 1)
1

k
kg g  
  , and stop the calculation if 0kg  ; otherwise, find 1kB   by the following formula: 

 1

T T
k k k k k k

k k T T T
k k k k k

y y B B
B B

y B

 
       (23) 

(7) Set 1k k   and turn to (3). 

III. Empirical analysis of information diffusion models 
III. A. Automatic Japanese Text Classification Results 
III. A. 1) Experimental environment 
The operating system is Windows 10 64-bit, the CPU is Intel(R) Xeon(R) Gold 5218R, the graphics card is NVIDIA 
GeForce RTX3090 (32GB), the RAM is 64G, the Python version is 4.0, and the deep learning framework is Pytorch 
1.10.1. 
 
III. A. 2) Experimental parameters 
The number of hidden layers is 12, the optimizer is Adam, the learning rate is 3E-5, the hidden layer size is 512, the 
word embedding size is 256, the number of iterations is 20, the batch size is 128, the maximum sentence length is 
256, the number of convolutional kernels is 256, the size of convolutional kernels is [2,3,4,5,6,7], and the Dropout 
is 0,1. 
 
III. A. 3) Experimental data sets 
In this paper, the experiments used to the dataset crawled from Japanese Wikipedia, in order to improve the 
generalization ability of the dataset, then the original data for data augmentation, data segmentation and data 
cleaning, finally there are a total of 28,000 pieces of usable data, which will be used for 70% of the data for training, 
the remaining 20% of the data for validation, and 10% of the data for testing. 
 
III. A. 4) Evaluation indicators 
Evaluation metrics are used to measure the classification effectiveness of the classifier. In this paper, four evaluation 
metrics are used to assess the classification results: accuracy, precision, recall and F1 value. The four evaluation 
metrics are calculated as follows: 

(1) Accuracy rate 
Accuracy rate is the most intuitive evaluation index, which refers to the ratio of the number of all correctly classified 

samples to the total number of samples. Its calculation method is shown in Equation (24): 

 
TP TN

Accuracy
TP TN FP FN




  
 (24) 

(2) Precision rate 
The precision rate measures the proportion of samples predicted by the model to be in the positive category that 

are actually in the positive category. It is calculated as shown in equation (25): 

 Pr
TP

ecision
TP FP




 (25) 

(3) Recall  
The recall rate measures the proportion of all actual positive class samples that are correctly predicted as positive 

by the model. It is calculated as shown in equation (26): 

 Re
TP

call
TP FN




 (26) 

(4) F1 value 
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The F1 score is the reconciled average of precision and recall and is used to strike a balance between precision 
and recall. It is calculated as shown in Equation (27): 

 
Pr Re

1 2
Pr Re

ecision call
F

ecision call





 (27) 

where TP represents the number of positive class samples accurately predicted by the model, TN represents the 
number of negative class samples correctly predicted by the model, FP represents the number of negative class 
samples incorrectly predicted by the model, and FN represents the number of positive class samples incorrectly 
predicted by the model. 

 
III. A. 5) Contrastive classification algorithms 
Due to the fact that there is less relevant research on text classification in Japanese, and most of the published 
studies use earlier machine learning models and RNN-based temporal models. Therefore, to ensure the timeliness 
and relevance of the research, this chapter compares the models that have performed well in the field of text 
categorization in recent years, and the specific algorithms compared are SVM, KNN, and RNN, respectively. 
 
III. A. 6) Classification results 
The experimental results of the comparison between this paper's algorithm and other algorithms proposed in this 
paper are shown in Fig. 3, which uses accuracy, precision, recall and F1 value as the evaluation indexes of the 
model, and the computational formulas are described in detail in Section 3.1.4 of this paper. From Fig. 3 shows the 
comparison of the results with several Japanese text classification methods, from which it can be seen that the 
Japanese text classification algorithm in this paper achieves the best performance in all the four evaluation metrics 
of this paper's algorithm in comparison with traditional SVM and KNN classification algorithms, with accuracy, 
precision, recall and F1 scores of 0.869, 0.869, 0.874 and 0.871, respectively. and SVM performs 11.8% higher in 
terms of accuracy compared to KNN, while the model proposed in this chapter shows better performance compared 
to the RNN algorithm, with an improvement of about 2.4% in terms of accuracy, and even more so compared to the 
SVM model, which is nearly 14.25% higher in terms of accuracy. This result also fully demonstrates the performance 
of the algorithm in this paper for Japanese text classification. 

 

Figure 3: A comparison of different algorithms on the Japanese text dataset 

 

  

(a)Accuracy rate (b)Loss value 

Figure 4: The accuracy and Loss value curves of different models 
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The accuracy vs. Loss value curves of different models are shown in Fig. 4, where (a) ~ (b) are accuracy, loss 
values respectively, and in Fig. 4, one can see the comparison of accuracy and Loss values of different algorithms, 
from which one can find that compared to other models, the one using the algorithm of the present paper is more 
stable, climbs higher on the accuracy curve, and decreases faster and deeper on the loss curve.  

(1) Analysis of the effect of different number of convolutional kernels on the algorithm 
First of all, the number of convolution kernel comparison, first selected a convolution kernel size, will be controlled 

in [2,3,4,5,6,7], and selected four kinds of convolution kernel number, respectively, 64, 128, 256, 512. The specific 
experimental results are shown in Figure 5. From this table, it can be seen that the selection of the number of 
convolutional cores at 256 is the best choice, and when the number of convolutional cores is more, the performance 
of the algorithm begins to decline, probably because of the excessive number of convolutional cores, which leads 
to the algorithm's overfitting problem, thus affecting the final results of the algorithm. 

 

Figure 5: Performance comparison with different numbers of convolution kernels 

(2) Analysis of the impact of different convolutional kernel sizes on the algorithm 
Next, this chapter also designed five different convolutional kernel sizes for experimental comparison to observe 

the impact caused by different convolutional kernel sizes on the performance of the algorithm. The range of 
convolutional kernels chosen is from 2 to 11, and the specific results are shown in Fig. 6. The performance of the 
algorithm is highest on the four evaluation metrics when the size of the convolution kernel is fixed at [2,3,4,5,6,7], 
and the performance of the algorithm decreases gradually as the convolution kernel increases gradually, which can 
be seen that if the size of the convolution kernel is too large, it will result in the convolution kernel extracting a larger 
range of textual sequence information, which may bring a certain degree of noisy data on the feature vectors, thus 
affecting the algorithm's final classification effect. 

 

Figure 6: Performance comparison of different convolution kernel sizes 

III. B. Similarity Assessment Analysis 
In accordance with the similarity calculation formula above, the interest similarity of users in the experimental data 
was calculated, and we statistically analyzed the relationship between the interaction intensity (forwarding 
probability) between users and their superiors on the interest similarity of users, as shown in Fig. 7, where we 
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divided the interest similarity of users into 10 intervals mapped to the horizontal coordinate, and the vertical 
coordinate is the average of the probability of users forwarding to their superiors in the corresponding intervals. As 
can be seen in Figure 7, the higher the interest similarity between the Japanese text and the user, the higher the 
probability of the user forwarding the Japanese text, indicating that the Japanese text dissemination behavior is 
influenced by the user's interest to a certain extent. However, the figure shows that the overall forwarding probability 
of Japanese texts is low, indicating that the forwarding behavior of Japanese texts is not only related to user interests, 
but also may be related to other factors such as platforms. In addition, there is also a certain probability of forwarding 
when the Japanese text is less similar to the user's interest, and this phenomenon is in line with the psychology of 
people who pay attention to new things to forward to their friends and fans. 

 

Figure 7: Similarity evaluation and analysis 

III. C. Predictive Analysis of Information Dissemination Paths for Japanese Language Texts 
III. C. 1) Experimental preparation 
In order to verify the prediction performance of the information diffusion model and to be able to contrast it with 
other existing studies, two sets of experiments are designed: experiment 1 takes the Japanese text diffusion path 
as the main body to verify the accuracy of the model in this paper. Experiment 2 takes the Japanese language 
communication network relationship diagram as the main body to evaluate the comprehensive performance of the 
communication prediction model. The data and evaluation indexes used in the two sets of experiments are 
described below. 

Experiment 1: In this part of the experiment, we first extract the propagation paths of events, and then utilize this 
paper's model to validate the propagation paths of Japanese texts, so as to evaluate the prediction performance of 
this paper's model. We take the original blogger in the Japanese text repository as the source node to extract the 
forwarding path of its Japanese text information, and by judging whether the forwarding path information is complete 
and whether the user information on the path is complete, a total of 99,239 paths are filtered out, with the longest 
path depth of 5, and the specific data situation is shown in Table 1. In the experimental process from the path source 
node, the model is used to determine whether the current node is activated or not, when each node on the path is 
predicted to be activated by the model and the last node is predicted to be not activated, it is considered that the 
current forwarding path is verified correctly. We take the ratio of the number of correctly verified paths to the number 
of all paths as an indicator of model accuracy, i.e., path prediction accuracy, the higher the path prediction accuracy, 
the better the model prediction effect. 

Table 1: The depth and quantity of the dissemination paths 

Path length Total number of paths 

2 86396 

3 10292 

4 1723 

5 828 

 
Experiment 2: In this part of the experiment, we first construct a Japanese text propagation network relationship 

graph, and then use the model to predict each node in the Japanese text network graph one by one, extract the 
microblog forwarding path and analyze it, so as to evaluate the overall performance of the model, we select the 
"Japanese text information" with a certain influence and wide propagation depth as the representative, and use 
"university" as the source node to construct the Japanese text network relationship graph for the prediction of the 
propagation path, and the specific information of the Japanese text to be predicted is shown in Table 2. 
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Table 2: The specific information of the Japanese text to be predicted 

Number of forwarding layers Forwarding volume per layer The maximum forwarding volume for a single user 

The first floor 5821 5821 

The second floor 1831 414 

Three floors 427 144 

Four floors 116 16 

Five floors 24 26 

 
III. C. 2) Japanese Text Propagation Path Prediction Accuracy Evaluation 
In our experiments, we use the model of this paper to verify the propagation paths one by one and calculate the 
prediction accuracy of the propagation paths of Japanese texts as shown in Table 3, and we also compare the 
experimental results with those of the traditional methods in order to prove the performance of the model of this 
paper. The propagation method is based on the prediction of the forwarding behavior of a single user, and the 
propagation paths of Japanese texts are verified one by one using the solo cascade model. The prediction accuracy 
of the paths decreases as the length of the paths lengthens because the prediction accuracy of longer propagation 
paths relies on the judgment of intermediate nodes, and when one of the intermediate nodes is judged incorrectly, 
the path is also verified incorrectly. Comparing and analyzing the experimental results of the traditional method and 
the model of this paper, both models of this topic have achieved better results. The model in this paper takes 
Japanese text information as the object of propagation, classifies Japanese text information first, calculates the user 
forwarding probability and Japanese text similarity on this basis, establishes its multi-information interaction 
influence, and constructs an information extension model using the conditional random field theory, which can then 
achieve relatively high prediction accuracy in the Japanese text propagation path. 

Table 3: Propagation path prediction accuracy 

Path length 
Prediction accuracy 

Traditional method The model of this article 

2 0.4259 0.6036 

3 0.3476 0.4748 

4 0.3638 0.3855 

5 0.4047 0.3906 

Average 0.3855 0.4636 

 
In this subsection, based on the constructed Japanese text network, the Japanese text information propagation 

path is predicted using the model of this paper and the traditional method, and the prediction results under different 
length paths are calculated, and the comprehensive performance of propagation path prediction is shown in Table 
4. From the values in the table, it can be seen that the Japanese text information dissemination path prediction 
effect of this paper's model is much better than that of the traditional method, and the values of its three indexes 
are 0.7439, 0.7743, 0.7758, respectively, which proves the application value of the information extension model 
based on the conditional random field in Japanese information dissemination, and provides references to the current 
optimization and innovation of the Japanese text dissemination path. 

Table 4: Comprehensive performance of broadcast path prediction 

Path length 
Traditional method The model of this article 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑅𝑒𝑐𝑎𝑙𝑙 F1 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑅𝑒𝑐𝑎𝑙𝑙 F1 

2 0.6734 0.6228 0.6471 0.7276 0.7894 0.7572 

3 0.5641 0.5033 0.5320 0.7547 0.7526 0.7536 

4 0.4807 0.4237 0.4504 0.7672 0.7809 0.7740 

5 0.4065 0.3711 0.3880 0.7261 0.7742 0.7494 

Average 0.5312 0.4802 0.5044 0.7439 0.7743 0.7588 

IV. Conclusion 
In this paper, before forming the information diffusion model, the Japanese text is preprocessed, after which the 
LDA topic model is chosen to represent the Japanese text, in addition to the use of the chi-square distribution to 
complete the text feature extraction work, and the Japanese features are substituted into the plain Bayesian 
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algorithm for training, so as to realize the Japanese text classification. The interaction between Japanese text 
features and users is established through similarity, and then based on the conditional random field theory and 
feature function, an information diffusion model is designed, and the model is empirically analyzed. The values of 
the three indexes of this paper's model are 0.7439, 0.7743, 0.7758, which are better than the traditional method, 
and the reason is to improve the prediction performance of the information diffusion path of Japanese text after 
introducing Japanese text classification and conditional random field on the traditional model, and to provide 
guidance for the optimization of the Japanese language diffusion path and the construction and development. 
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