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Abstract Scholar profiling from the open Internet has become a hot research topic in recent years. Its
goal is to extract the attribute information of a scholar. Scholar profiling is a fundamental issue in
large-scale expert databases for finding experts, evaluating academic influence, and so on. In the open
Internet, scholar profiling faces new challenges, such as large amount of data, data noise and data
redundancy. The traditional user profiling methods and algorithms cannot be directly used in the user
profiling system in the open Internet environment. In this paper, the existing technologies are
summarized and classified to provide reference for further research. Firstly, we analyze the problem of
scholar profiling, and give a general overview of the information extraction method, which is the basic
theory of user profiling. Then, the three basic tasks of scholar profiling including scholar information
annotation, research interest mining and academic impact prediction are introduced in detail. What’s
more, the successful application system of scholar profiling called AMiner is introduced. Finally, open

research issues are discussed and possible future research directions are prospected.
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Fig. 4 An example of semantic annotation for scholars
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Fig. 5 An example of semantic annotation for scholars
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Symbol Description
M Number of documents in the corpus
K Number of latent topics
\% Number of unique words in vocabulary
a Hyper-parameter on the topic
B Hyper-parameter on the word
Notation for document-topic distribution p(z|d) .
g the size is MK
Notation for word-topic distribution p(w|=z),
o the size is KV
N Number of words in one document
z Topic assigned for each word in each document
w Word in each document
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&, AMiner % H 1 3 #f 4 W 4 (recurrent neural
network, RNN)" 1 K 47 it i2 12 84 5C (long short
term memory, LSTM),

6 25 T AMiner 9 918 3C 51 FH T AR
AR 2 )2 RNN,H A g # 2o o0 R F LSTM.
B — AR A {nl o s RNN fE AL PR 5 U1 19 B
() =5, LSTM H o0 B A 1242 T 6e » fE % 4k 353 A i
U] Esf ] 7 27 e (i) R R SE Fsf 252 4 1) = A

Prediction Model At>1 @
Output

Fig. 6 Diagram of the citation count prediction model
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Fig. 7 Formulation of the LSTM unit
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