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The Study on Expert Recommendation in Community Question Answering

Abstract

The rapid development of the Internet has changed the way people communicate, more
and more people rely on their Internet community to obtain information and consult expertise,
community question answering (CQA) websites have gained widespread popularity among the
public. With a growing number of questions have been answered, the community question
answering sites have created a large-scale knowledge repository that is free to acquire
knowledge. Which can meet the needs of the questioners, and provide valuable information for
the majority of the community at the meantime. High-quality answers not only meet the needs
of current questioners, but also continue to produce value. This thesis enhances the quality and
effectiveness of the CQA system by recommending the new questions to the appropriate experts
to raise the quality of the answers.

In the case of a single domain expert recommendation, this thesis constructs a recurrent
neural network classification model. The best answerer of the question as a positive example,
the other people as negative cases, and then a variety of recurrent neural network models are
used to predict the expert users, and the introduction of attention mechanism, by weighting the
text feature to enhance the weight of more important features for the classification.
Experimental results shows the effectiveness of the recurrent neural network for expert
recommendation, and the bidirectional recurrent neural network with attention mechanism
shows unique advantages.

When performing cross domain expert recommendation, two methods are used, including
the similarity sorting and text classification methods. Co-occurrence information of the user
mentions with the question words in the same context is assumed to be evidence of expertise.
However, the question in CQA usually too short to get enough information for dealing with the
word-matching between posted questions and users’ profile. That is, there are semantic gap
between questions and users’ profile, in this thesis, distributed representation is used to tackle
this problem. Experimental results show that the distributed representation can capture
meaningful syntactic and semantic information, which can improve the performance of the
system, and the convolutional neural network has achieved good results.

We have performed experiments in real-world datasets, both the specific area and
multidisciplinary areas of Stack Overflow, the experimental results show that the effectiveness
of the proposed method.
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2.1
Tab. 2.1 Some of the popular CQA sites

URL

Yahoo! Answers http://answers.yahoo.com
http://zhidao.baidu.com

Quora http://www.quora.com

StackOverflow  http://stackoverflow.com

Stack Overflow
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Tab. 3.1 Performance comparison of the proposed models
Method S@1 S@2 S@3 S@4 S@5
fastText 0.1025 0.1227 0.1388 0.1492 0.1618
LSTM 0.1115 0.1275 0.1426 0.1538 0.1644
Bi-LSTM 0.1104 0.1299 0.1434 0.1561 0.1662
Bi-LSTM+ATT 0.1136 0.1308 0.1427 0.1550 0.1632
GRU 0.1112 0.1287 0.1440 0.1542 0.1633
Bi-GRU 0.1102 0.1299 0.1449 0.1569 0.1671
Bi-GRU+ATT 0.1141 0.1308 0.1435 0.1536 0.1609
3.4
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Attention
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Tab. 4.1 Data statiscs
Questions  Answers Comments tags
14M 22M 57M 49K
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Tab. 4.2 Selected tags for the training set

Django
CSs

Python

C#
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Java
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D40 40

4.3
20 10%
4.3
Tab. 4.3 Data statiscs
Data Set ID Questions Best Answerers
All 479531 56055
D20 311857 4390
D40 248300 2064
Word2vec Stackoverflow
400
5 min-count 20 skip-gram 4.4
4.4 Word2vec
Tab. 4.4 The most similar words with the example words in Word2vec
Linux consin python consin iphone consin  sql consin
freebsd 0.763 python3 0.716 ipad 0.788  tsql 0.645
solaris 0.733 cpython 0.694 ios 0.768  sql-server 0.582
nix 0.727 py3k 0.682 ipod 0.700 2005 0.555
unixes 0.692 pythons 0.679 simulator 0.660  mssql 0.510
bsds 0.679 argparse 0.651 39s 0.656  ssms 0.505
unix 0.679 distutils 0.641 itouch 0.634  sql2005 0.486
macos 0.656 cython 0.637 4s 0.629  sql2008 0.484
sunos 0.655 2to3 0.628 iphones 0.620  denali 0.471
Word2vec

Word2vec
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LDA

CNN
Word2vec CNN
4.5 D40
Tab. 4.5 Performance comparison of the proposed models based on D40
Method s@1 s@2 S@3 S@4 S@5
VSM 0.0320 0.0442 0.0560 0.0636 0.0714
Language Model 0.0310 0.0372  0.0442 0.0478 0.0524
LDA 0.0578 0.0765 0.0810  0.0836 0.0856
STM 0.1034 0.1051 0.1192  0.1200 0.1267
LR 0.0349 0.0513 0.0625  0.0709 0.0778
CNN 0.2734 0.2830 0.2884 0.2928 0.2966
4.5
Stack Overflow LDA

Word2vec
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