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Abstract As an outcome of Web 2. 0 era and a rising social media, microblog service has been playing
a more and more important role in people’s daily life. It serves as not only a bridge of communication
and information sharing, but also a crucial way to acquire information. As a mixture of social network
and information media, microblog has a diverse ecological environment. We media accounts as a
component of microblog, have been taking rapid development. In this paper, we creatively introduce
the we media account detection problem and illustrate its meaning, then we propose a comprehensive
feature set from account profile, posting behavior and posting content. Based on these features, we
perform a supervised learning method to detect we media account. Experimental results show that: 1)
we media accounts distinct from general accounts in the environment of Sina Weibo, and the difference
is mainly on the behavior of publishing microblogs and the topic of microblogs. 2) The proposed three
feature sets are effective for we media account detection, and they complement with each other as

well, achieving an impressively high accuracy of 96.71%.

Key words microblog; we media account; classification; support vector machine(SVM) ; supervised

learning
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Table 1 Co-occurrence Length and Co-occurrence Ratio

F1 HAKESHILLH

Formula Description
St () S| The number of words that occur in both
Shick [ 1 Sdes . .
e e the nick and the self description
. . The number of words that occur in both
| Suick M Sreason |

the nick and the verified reason

Sim(Su s Su) The similarity of the nick and the verified

reason

Sim (S »Su) The similarity of the nick and the self

description

Jaccard(Suu »Suns) The Jacce%rd.similarity of the nick and the
self description

The Jaccard similarity of the nick and the
Jaccard(Ss Suemen) <o Y
verified reason
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Table 2 Feature on Pattern of Content

x2 KSAFEXKE

Statistics

Description of the Feature

Calculation

POST_LEVEL
POST_LEN
HASHTAG_NUM
URL_NUM
AT_NUM
PIC_NUM
HASHTAG
URL
URL_DOMAIN
AT
ORIGINAL
POST_SELF
POST AT _SELF

CONTENT_OVERLAP

HASHTAG_OVERLAP

The repost level of every tweet

The length of the tweet

The number of hashtags that every tweet contains
The number of URLs that every tweet contains
The number of @ that every tweet contains

The number of pictures that every tweet contains

Mean, Variance, Entropy
Mean, Variance, Entropy
Mean, Variance, Entropy
Mean, Variance, Entropy
Mean, Variance, Entropy

Mean, Variance, Entropy

The content of the hashtags that every tweet contains Entropy
The content of the short urls that every tweet contains Entropy
The domain name that the short urls of every microblog correspond to Entropy
The nickname of every tweet @ Entropy
Whether the tweet is an original tweet Mean
Whether the reposted tweet is posted by the same user Mean
whether the reposted tweet is @ by the user itself Mean

The proportion of the words that occur in both the nickname and every original

tweet

The proportion of the words that occur in both the nickname and every hashtag

Mean, Variance, Entropy

Mean, Variance, Entropy
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Table 3 Classification Performance

x3 BEAIEHR

Feature Set Precision Recall F-measure Accuracy
PROFILE_CLASSIC 0.7189 0.7996 0.7571 0.7434
PROFILE_LEXICAL 0.8205 0.7433 0.7800 0.7903

BEHAVIOR_EVALUATION 0.8745 0.7929 0.8317 0.8395
BEHAVIOR_DEVICE 0.7578 0.8769 0.8130 0.7983
BEHAVIOR_SEQUENCIAL 0.8136 0.7582 0.7849 0.7923
BEHAVIOR_PATTERN 0.8523 0.8628 0.8575 0.8566
CONTENT_WORDHASH 0.6746 0.956 6 0.7912 0.7476
CONTENT_LDA 0.8850 0.8502 0.8673 0.8699
CONTENT_TLDA 0.8548 0.8528 0.8538 0.8539
PROFILE_ALL 0.8677 0.8258 0.8462 0.8499
BEHAVIOR_ALL 0.9109 0.8985 0.9047 0.9053
CONTENT_ALL 0.8868 0.8733 0.8800 0.8809
Total 0.9744 0.9594 0.9669 0.9671
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SER 11 1 A
3.2.2  FRAEE NS
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T AR A5 A 6 5 AE R I R A B T A 2
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BB hashtag 9 H () LDA 60 2 i B4 15 45
AR S50 6 U0 ARG 3
5 5 P BREAE 5 F A 2 K O S R S .
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Table 4 Rank of Feature Importance

x4 BEEERHSA
Rank of
Features Meaning

1 The proportion of the negative words that occur in the tweet

5 The distribution probability of the 43rd topic got from
LDA (users’ personal feelings)

3 The average length of the posted tweets

4 The proportion of the words that occur in both the nick
and the self description

5 The distribution probability of the 43rd topic got from
Twitter-LDA (topics about IT, digital and science)

6 The entropy of the reposting level of the tweets

7 The entropy of the length of the tweets

8 The number of the words that occur in both the nick and
self description

9 The mean of the proportion of weibos that the nick of the
user occurs in its original tweet

10 The probability of posting tweets by using the iphone
client

11 The distribution variance of the topic of LDA
The distribution probability of the 49th topic got from

12 Twitter-LDA ( topics about the emotions of users and
wish)

13 The distribution variance of the topic of Twitter-LDA

14 The mean of the reposting level of the tweets

15 The probability of posting tweets by using the
application called pipi time machine

16 Whether the verified reason of the account contains the
words like official microblog

17 The distribution variance of the posting level of the
tweets

18 The proportion of negative hashtags that occur in tweets

19 The proportion of original tweets

20 The entropy of the time interval of the posting of tweets
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Table 5 Typical Negative Words
x5 ARGHIHFILR

Rank of Negative Words

Negative Words

1 H
2 “BF
3 Al >
4 H
5 HEH
6 5
7 HE
8 o
9 I >
10 /N

4 BESRE

ARTCE WAL T A BER K S U0 X — BF 52 1)
R B3T3k — [ A BIF S B S IR R T K S A A
B 5470 DR S B A 3 268 BRI
23] 5 WU A A KRS S0 85 SR L AN T Y
EAE & 22 6] ELAH AN 5T A R0 & T LUK R 2 3 42
TH A BRI S B U ROR.

TR TARE D T4 G B A K S 55
OrAT ST PSSR L X AR R R A
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