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Identifying Users’ Gender via Social Representations
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(State Key Lab of Software Engineering, Wuhan University, Wuhan 430072, China)

Abstract Gender prediction has evoked great research interests due to its potential applications, like targeted advertise-
ment and personalized search. Most of existing studies rely on the content texts, However, the text information is hard
to access. This makes it difficult to extract text features. In this paper, we proposed a novel frame-work which only in-
volves the users” ID for gender prediction. The key idea is to represent users in the embedding connection space. We
presented two strategies to modify the word embedding technique for user embedding. The first is to sequentialize
users” ID to get the order of social context. The second is to embed users into a large-sized sliding window of contexts.
We conducted extensive experiments on two real data sets from Sina Weibo. Results show that our method is signifi-

cantly better than the state-of-the-art graph embedding baselines. Its accuracy also outperforms that of the content
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based approaches.
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&% 2 User Embedding (UE)

Input: The set of users U={u;} and the friends of users {u;, F(u;)=
{fir oo fin} )

Parameters: the window size s, the dimensionality of user embedding

d,and the learning ratio 7

Output: matrix of user representations ® € R/UI*d

Steps:

1. for each user u;

2. Aly)={u} UF(u)

3. end for

4, Sequentializing ids in F(u;) and A(y;)

5. for each user y;

6. for the jth friend (j = i—1+**i—n) in F(y)

7. SkipGram(®,j,F(u;) ,s,7)

8. end for
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