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Abstract 

In this paper, we put forward a potential fusion feature model to deal with the 

popularity prediction problem for Sina Microblogging. We analyze the characteristics of 

microblog forwarding number, number of views and comments. By combining the implicit 

relation between features, we fuse the n-gram model to establish a quality prediction 

model for microblogging. The characteristics of the model are combined with the 

regression model to predict the popularity of a microblog text. Our experiment results 

show that the model is effective. 
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1. Introduction 

In recent years, online social networking [1-3] is developing rapidly. Microblogging is 

one of the typical representatives. Microblogging is a broadcast medium that exists in the 

form of blogging. A microblog differs from a traditional blog in that its content is 

typically smaller in both actual and aggregated file size. Microblogs allow users to 

exchange small elements of content such as short sentences in a timely manner. As a new 

carrier of information dissemination, microblogging has been widely used all over the 

world[4]. Among the mainstream microblogging service sites, undoubtedly, Twitter is the 

most popular in the western world, while in China, Sina Microblogging is the most 

popular (user number: 341 million as of Dec. 2016). However, in the current era of 

information explosion, there always is a mass of information being generated and 

updated. How to allow users receive high quality and interesting information within a 

limited time, so as to improve their experience is a primary task. In response to such a 

demand, not long ago, Sina Microblogging launched a new "hot microblogging" section 

and set up a special department for business development to deal with such requirements, 

but the user experience is not as good as expected, so further efforts to improve the 

system is necessary. To solve this problem, we have established an automatic prediction 

model which effectively improved the accuracy of popular blog prediction and user 

experience.  

Although there is no research literature devoted directly to popular microblogging, the 

methods in the related literature are helpful to the construction of the model, such as 

microblogging feature analysis, emotional tendencies [5], and forwarding prediction. 

Total number of comments [6,7], total forwarding number [8], and total number of 

views [9,10] form the most common microblog popularity characteristics. It is worth 

noting that a single characteristic as an index of popularity is justified, but it is too one-

sided, and can not reasonably evaluate the quality attributes of the text, nor can it provide 

accurate quality prediction for microblog texts. Therefore, the fusion feature standard 
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came into being, that is, multi-feature fusion [11]. Specific multi-feature fusion does not 

have absolute criteria. Specific characteristics for different areas need to be analyzed. 

Microblog popularity prediction method is mainly based on microblog text forwarding 

prediction [12]. For the microblog text forwarding prediction there are several methods 

which are based on the user's past behavior, the user's text interest, the user's influence on 

the group, or the mixed feature learning. Of all these methods, the one based on mixed 

feature learning is the most simple and intuitive, and the explanation of the model is 

weak, but it depends on the selection and combination of features. 

This paper describes the potential fusion feature model constructed by fusing the 

interaction exposure feature and the potential connection between the forwarding number 

and the number of views into the N-gram model. The project is a cooperation with Sina 

Microblogging, and all the source data in this paper are derived from the Sina 

Microblogging official database, and the data sets are preprocessed by sampling. In the 

model training, through the theoretical analysis and experimental comparison, we finally 

adopt a regression model that can better match the data characteristics, that is, Spark 

Machine Learning (Spark ML) in the Logistic regression (LR) model for potential fusion 

characteristics model training. 

 

2. Feature-based Data Acquisition and Preprocessing 

For the microblog text feature, the selected data set refers to the ID number, text field, 

text interaction number (total forwarding number) of the microblog texts, the number of 

text impressions (total number of views), and the textual content of the texts. The 

interactive number of text and the number of text exposure are used to obtain the 

interactive exposure ratio (Pro). 

 

2.1. Selection of Data Sets 

According to the microblog text feature and the selected data set, the above mentioned 

text feature is extracted from the source data and processed according to the required 

conditions and requirements. 

Text data extraction and processing is carried out through microblogging official 

Hadoop cluster under the Hive data warehouse module to filter the data. From the source 

database, we selected the number of interactions (act_num) >= 10, the number of 

impressions (recommended_num) >= 50, and the microblogging issued for the previous 

day’s last activity record (that is, the number of interactions and exposures are the largest) 

of all the microblogging corresponding to the above information, and calculate the 

potential feature - interactive exposure ratio (Pro), the formula is as follows. 

 

%
mpropose_nu

act_num
oPr 

                                                                                                             (1) 

 

We put the Hive filtered data table into different files according to their sub-domain to 

wait for the next step. 

In order to eliminate the relevant noise caused by the relevant information, after the 

above processing, we add another step to delete the overlapping text ID to repeat and 

overlapping text contents, and then do the critical noise boundary processing. For the 

value of the interactive exposure ratio, we take the upper boundary value and discard the 

lower boundary value. 
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2.2. Text Preprocessing 

The preprocessing of microblog text is roughly the same as conventional text 

preprocessing. However, we have made special treatment for microblog text in some 

technical aspects, and constructed a microblog short text preprocessing system. The 

system involves the technology and process shown in Figure 1. 

 

 

Figure 1. Text Preprocessing Module System Diagram 

2.2.1. Mark Removing 

The main purpose is to remove some text content that is irrelevant or contributes little 

to the textual characteristics. In the microblog short text, such as short chain (such as 

URL), appears frequently, but for the text feature extraction, it is not helpful, and should 

be removed. 

Short chain examples in our Microblogging database are as follows: http: 

t.cn/RZg8G4Y; http: t.cn/R5RkLhQ;http://t.cn/R5d6anT and so on. Microblogging uses 

its unique way to edit the short chain, so we use regular expression to represent short 

chain for processing. 

 

2.2.2. Chinese Word Segmentation 

Chinese word segmentation and part of speech tagging are both the initial stages of 

natural language processing and one of the basic contents of Chinese information 

processing. Since the microblog short text is no longer than 140 words, most of the word 

segmentation tools can meet the word segmentation needs. But the content of 

microblogging has its own unique characteristics, therefore, in the comprehensive 

consideration of text features, time and space efficiency and other factors, we selected a 

freeware toolkit "jieba" for word segmentation. 

 

2.2.3. Part-of-Speech Tagging 

Part-of-speech tagging is mainly for the removal of punctuation and other irrelevant 

words. However, special symbols in Chinese texts require further treatment, or a second 

word segmentation may be necessary for long words which may initiate a recursive 

process. 
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2.2.4. Word Frequency Statistics 

Word frequency count is a vocabulary analysis method. By counting the number of 

occurrences of each word in a certain length of the corpus, the statistical results may be 

used in subsequent processes. 

 

2.2.5. Stop Words Removing 

Stop words are words which are filtered out before or after processing of natural 

language texts. They are typically the most common words with high frequency, such as 

such as "the", "and" in English. In Chinese, they usually are auxiliary words. 

In our system, we use the word frequency statistics to get dynamic distribution of the 

vocabulary, and generate a stop word list to remove the corresponding stop word. 

At this point, the text preprocessing system has been basically completed. 
 

3. Feature Extraction 

The contextual semantic relevance of text has always been a very important issue in the 

field of text processing. For Chinese microblog text there is no exception. The main 

algorithms for dealing with context semantic associations are N-shortest path algorithm 

[13], N-maximum probability algorithm [14], maximum matching algorithm [15], n-gram 

model, and perceptual algorithm. Due to the characteristics of the microblog short text, 

the selected features are necessary to ensure the independence, that is, they have a 

relatively high independent representation and context free. But we also have to consider 

the relationship between features, that is, context semantic association. Comparing the 

above methods, we conclude that the N-shortest path algorithm satisfy the binary relation, 

and the context semantics association degree is not high. The N-maximum probability 

algorithm is more suitable for long text, and it is relatively suitable for microblogging 

short text. Although the maximum matching algorithm is suitable for microblog text, its 

matching length is not easy to control, for short text more need for relatively stable 

algorithm; perceptual algorithm is more suitable for binary word matching, this does not 

apply. In contrast, the n-gram model is more advantageous, and it is suitable for the length 

of text, matching length control, and the use of hidden Markov model, which can meet the 

characteristics of their own independent, while ensuring the control between features 

association. In this project, the popular microblogging application is based on the text 

feature analysis of the user's emotional preferences for emotional classification and 

recommendation, literature [16] has done much of related work, and theory and practice 

has proved the n-gram advantage. Therefore, we choose the n-gram model. 

 

3.1. Creating an N-Gram Model 

Based on the characteristics of the microblog text, this paper chooses the n-gram model 

as the basic feature model. Here we choose the 1-gram, 2-gram, 3-gram gram model. 

Among them, 1-gram solves the problem of independence of features, 3-gram solves the 

problem of text context semantic association, and 2-gram is a smooth transition of the 

above two feature models. As the microblog text is short text, rather than long text, 

therefore, the above three kinds of gram can achieve a relatively comprehensive effect. 

Too many features will bring about the trouble of processing, result in data characteristics 

of the over-fitting, increase the complexity of the model, and reduce the generalization of 

the model. And fewer characteristics can cause data features less fit, making Model 

prediction accuracy too low. The above problems will affect the actual effect of the 

model. Therefore, we use the above three kinds of n-gram model as the basic carrier of 

the feature fusion model, in order to achieve the global optimization of the model. 
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3.1.1. Text Word Segmentation and N-Gram Initial Structure 

After processing the text as described in 2.2, we can get 1-gram and its related 

information, and with different stitching and matching we can be 2-gram, 3-gram and 

their associated information. After the information processing such as repeatability check 

and content similarity check, the resulting n-grams are expressed as follows. 

1-gram: 

 

        nmi dwdwdwdT ,...,, 2211
                                                                                  (2) 

 

2-gram: 

 

        nnmi ddwddwddwdT 13222112 ,...,, 
                                                                            (3) 

 

3-gram: 

 

        nnnmi dddwdddwdddwdT 1243223211 ,...,, 
                                                            (4) 

 

where n is the number of features of the dimension of word vector obtained after 

preprocessing, wi is the ith feature of n-gram, and di is the ith characteristic of the word 

vector after preprocessing. 

 

3.1.2. Handling N-Gram with Potential Links According to The Required 

Characteristics 

By counting the number of characters that appear in each of the elements in the n-

gram, retaining the corresponding text number, and removing the duplicate n-gram 

elements, we get the following. 

 

   nimidmidmidmidgramV niimid ,1,,...,,...,,, 21 
                                                    (5) 

 

where grami is the element in the n-gram, midi is the ID of the text corresponding to the 

gram, and n is the total number of text that appears in grami. 

 

3.1.3. Extracting N-Gram Features 

We then perform a distribution statistics of text frequencies in the n-grams, and 

accordingly, set up the threshold. The corresponding formulas are as shown below: 
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                                                                                                      (6) 

 

where n is the total number of elements for each n-gram, and wi is the corresponding 

element, all is quantized to 1; α is the lower threshold coefficient, and β is the upper 

threshold coefficient. α and β are different from different areas of text, different numbers 

of text, according to a large number of different data after the experiment, the value of α is 

stable between 0.11 and 0.18, and the value of β is stable between 0.59 and 0.72. The 

approximate optimal solution of the experiment appears when the threshold coefficients 
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are set to α = 0.15 and β = 0.67. Therefore, we use these values to extract the threshold for 

the n-gram feature. 

 

3.1.4. N-Gram Fusion Interactive Exposure Ratio Distribution Characteristics 

For the results in 3.1.3, the degree of concentration (Con) (result preserves the three 

significant digits) is calculated for the interactive exposure ratio (Pro) corresponding to 

the text ID number (mid) included in each n-gram element. Set the threshold (Tv) 

according to the statistical distribution result, and select the n-gram with the degree of 

concentration less than the threshold. 

The degree of concentration is calculated as follows: 

 







n

i

i

Con

1

minmax oProPr

                                                                                                                   (7) 
 

The threshold setting varies depending on the text data in different areas and the 

amount of different text data, but the principle is the same. They are in accordance with 

the above method, the statistical distribution, the inflection point is the threshold, which is 

also an approximately optimal solution. 

 

3.2. Building VSM 

Vector space model (VSM) [17] was proposed by G. Salton of Cornell University. The 

VSM of this paper is also based on his idea. But in feature extraction, we use a 

combination of 1-gram, 2-gram, and 3-gram. 

 

3.2.1. Build N-Gram VSM 

The 1-gram, 2-gram, and 3-gram of 3.1 are combined to form a high-dimensional 

vector space model. Experiments show that this is more representative than a single n-

gram. At the same time, after combining Pro, the combination of features is more 

representative, and the prediction accuracy is improved. 

The VSM model is as follows: 

 

                  kji feawfeawfeawfeawfeawfeawfeawfeawfeawV 323132221212111 ,...,,,,...,,,,...,,
  (8) 

 

where i, j, and k represent 1-gram, 2-gram, and 3-gram of the respective dimensions, 

feai, feaj, and feak are 1-gram, 2-gram, and 3-gram feature elements, respectively.  ifeaw1
, 

 jfeaw2
, and  kfeaw3

 represent respectively, the characteristic words corresponding to 1-

gram, 2-gram, and 3-gram, and their associated text weights. In V, this is expressed as 

equivalent to fea, in the associated text of its weight for additional storage, which will be 

used in later operations. 

 

3.2.2. Constructing Text VSM Sparse Matrix 

We use the sparse input format module libSVM in Spark to construct the texts’ VSM 

matrix. And we use the elements in V to match the text content for the text space. If it 

matches, the vector space model (VT) is added in the format of (subscript: weight). 

The VSM for a single text is expressed as follows: 

 

      nnT flagwflagflagwflagflagwflagV :,...,:,:,Pro 2211
                                             (9) 

 

The VSM corresponding to all the text is as follows: 
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 TTnTTTall VVVVV ,...,,, 321
                                                                                         (10) 

where Pro is the interactive exposure ratio of the text, and flagi (0≤ i≤ n) is the 

dimension subscript corresponding to the feature in V in the text, and w (flagi) is the 

number of occurrences of the feature in the text. In conventional VSM, only 0 and 1 are 

used as a feature of whether a match to the characteristics occurs. Although this can 

achieve a certain effect, the representation is not strong. And because the microblog texts 

are short text, and does not involve multiple documents (that is, without considering the 

problem of similarity between different domains), there is no need to consider the 

traditional TF * IDF representation. Here is just the record weight without too much 

complex calculation. We can meet the microblogging short text related needs. Therefore, 

we choose this relatively simplified TF * IDF method. 

 

4. Model Training and Analysis 

In this paper, the interactive exposure feature (pro) is a continuous function on the 

interval of 0-1. The traditional two classification problem usually chooses the 

intermediate value as the classification threshold and is set by the unit-step function. If the 

monotonic can be met, the alternative function can be chosen to improve, usually logistic 

function is chosen as an alternative. Literature [18] used this function in forecast model 

for in-depth analysis, and summed up the model characteristics. In fact, the processed 

microblog texts are almost completely in line with the characteristics of this function, 

which laid the theoretical basis of the transfer function of the training model used in this 

paper. 

In practice, we draw on the conclusions in [19], and then use the Logistic regression 

(LR) algorithm in Machine Learning (ML) to train the model. 

The model training algorithm is based on the LR model interface under Spark, 

combined with the real data set, using the libSVM data input format processing module to 

enter the data format processing and reception, and the data go through the libSVM 

interface into the LR model for training and test. 

 

4.1. Building Positive and Negative Examples 

In Vall, we sort the VTi in descending order by Pro. And extract the top 35% of the data 

set as positive examples, and extracting the bottom 35% of the data set as negative 

examples. The rest of the data set is used as the validation data set. The positive set of 

labels is 1 and the negative example set is 0. The above-mentioned processed positive and 

negative examples are used as the data set of the model. 

The positive and negative data set model is represented as follows: 

 
      

      
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-2211
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,,:,...,:,:,0

,,:,...,:,:,1

Dnn

Dnn

D

Vsetnegativeflagwflagflagwflagflagwflag

Vsetpositiveflagwflagflagwflagflagwflag

V

        (11) 

4.2. Building Training Set and Test Set 

In the machine learning phase, the processed data is generally divided into three types, 

training set, test set, and validation data set. In our case, only the definition of the 

characteristic parameters is involved in the model, but not the definition of the 

superparameters, and the relative parameters involved in the multiple residuals, fitting 

optimization and so on, and the expected results are similar to the two categories. 

Therefore, we only use the training set and the test set as the model data source. 

For the training set and the test set, the data set of this paper is constructed as follows. 

The positive and negative examples were evenly distributed and smoothed, and 80% of 
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the data were taken as the training set and 20% of the data was used as the test set to 

ensure high smooth and low data coupling. 

 

4.3. Model Training 

The model training and testing in our experiments is based on the Hadoop cluster 

environment, and the model training program is written by applying the Logistic 

regression (LR) model interface in the Spark machine learning component. According to 

the work on the source data and the work on the data set, adjustments have made for the 

data sets to suit the parameters of the model interface and the data input format. Using the 

training sets and test sets, we train and test our feature models. The model is trained and 

tested by different amount of source data. The results are tested by regular cross tests and 

the results of each comparison are recorded and compared to obtain the approximate 

optimal model. 

 

5. Experiment and Analysis 

In literature [20], natural language processing technology is used to analyze the 

contents of the microblog text, such as emotional tendencies and naming entities. It is 

found that the user characteristics and content characteristics can be complementary, and 

the combination can improve the accuracy of the forecast. In [21], the influence of the 

content of the microblog text on the forwarding amount is analyzed from the perspective 

of language expression, which proves the influence of different wording and language 

habit on microblogging forwarding. This experiment combines the ideas of the above 

documents and combines their respective advantages. Through experiments, the new 

method of thinking is applied to the prediction of microblog text quality. Our experiment 

results have shown that our method is effective, the following is a comparison of the 

results and analysis. 

 

5.1. Comparison of Different Feature Models 

The contrast experiment of the characteristic model is mainly used in the following 

three characteristics of the fusion model for exploratory comparison experiments, 

comment interact ratio n-gram, comment exposure ratio n-gram, and interactive exposure 

ratio n-gram. The following figure shows the results of these comparison experiments. 
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Figure 2. Comparison of Accuracy Scores for Different Feature Selections 
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The three different histograms in Figure 2 represent the scores of the three different 

combinations of features after the n-gram fusion. The horizontal axis represents the source 

data (100 million) and the vertical axis represents the accuracy score (%). As can be seen 

from Figure 2, regardless of the amount of source data, interactive exposure ratio n-gram 

potential fusion characteristics of the text quality prediction accuracy, shows an absolute 

advantage. The results also shows that comment interaction ratio n-gram is not 

representative, the model does not have to solve the practical problems of the role and 

value. As for the comment exposure ratio n-gram, although it has a certain practical 

significance, in response to the quality of the text rather than for the user's case, and it 

cannot provide a higher accuracy prediction role. Therefore, through the comparative 

experiment analysis, we choose interactive exposure ratio n-gram as a potential fusion 

feature model. In this paper, the prediction accuracy of the model is improved with the 

increase of the amount of text. However, when the number of texts reaches a certain 

amount, the prediction accuracy of the model tends to be stable and the accuracy is 

satisfying. 

 

5.2. Model Comparison for Different Source Data Volumes 

Table 1. Model Test Results 

Source data

（billion） 

Processed 

data 

Training 

sets 

Test sets Model 

dimension 

Accuracy

（%） 

50 87594 18149 4537 40879 63.243 

100 169696 50229 12557 77859 74.176 

150 241885 71598 17900 113738 80.834 

200 327895 97056 24264 138114 82.901 

 
 

As can be seen from Table 1, for the model proposed in this paper, with the increase of 

the amount of source data, the number of training sets and test sets increases, and the 

three data sets are always linear. This also explains the correctness of the theory of this 

article, as well as the consistency of the experiment, which is consistent with the idea of 

linear processing experience. However, the dimension of the model is not the same. When 

the amount of data increases to a certain extent, the increase of the model dimension is 

gradually gentle and stabilized. At the same time, the accuracy of the forecast is basically 

stable above 80%. This further proves that the accuracy of the model depends on the 

model's data feature mining and multiple fusion. The model proposed in this paper is 

derived from this premise, and obtained through experimental comparison. It is not 

difficult to understand that the dimensions of the model tend to stabilize. Although the 

amount of data can be infinitely increased, for a certain area of data there is a certain 

upper limit. When the amount of data reaches a certain level, the corresponding 

representative features are basically stabilized. Although it can continue to grow, the 

growth is extremely slow, at this time, it has reached the approximate gradient optimal. 

This does not conflict with the infinite extension of the data volume, nor does it contradict 

the approximation of the great estimation theory.  

 

6. Conclusion  

The potential fusion feature model proposed in this paper is a practical problem 

encountered in the research and application of natural language processing. In this paper, 

we focus on the problem that the potential link between the features is not fully studied 
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and the characteristics are not deeply integrated with the model, and propose a potential 

fusion feature model to reduce the complexity of the model and improve the prediction 

accuracy. Through the theoretical analysis and experimental comparison, the paper 

demonstrates the validity of our proposed model. Because deep learning has promoted the 

development of natural language processing, our future research goal is to construct a 

deep neural network model and further accumulate the amount of source data so that the 

data model contains a wider range of potential features, to makes the prediction accuracy 

higher. 
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