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Semi—supervised Expert Discovery Method Based on Feature Perturbation

CHEN Zhuo,ZHANG Fanxing’, DU Junwei, YUAN Ximing

(School of Information Science and Technology , Qingdao University

of Science and Technology , Qingdao 266061, China)

Abstract : Experts can provide authoritative answers for community question answer (CQA). Efficient and accu-
rate expert discovery can help improve the service quality of CQA. The expert discovery accuracy of the supervised
learning model is reduced by the noise label data existing in the community user data as well as the unbalanced clas-
sification data due to the small number of experts. A semi—supervised expert discovery method based on feature per-
turbation is proposed to solve the mentioned problems. In this method, a feature perturbation strategy for unlabeled
data is constructed, using the Sharpening algorithm to label the pseudo-label of unlabeled data. Based on the
ADASYN algorithm, expert sample data is expanded by constructing neighbor samples of expert users to alleviate the
imbalance of classification data. A joint loss function is constructed, which trains the classifier by both the labeled
and pseudo—labeled data to enhance the generalization performance of the method. The experimental results show
that this method is superior to the existing models and methods in several evaluation indexes.
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Fig.2 Process of calculating the loss of similarity pairs
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Tab. 2 Comparison of expert discovery of

different slight perturbation parameters k

k LRE Answer,,, Money,,, Rank,,,
2 425 31.6 0.81 0.50
3 410 33.9 0.84 0.49
5 423 33.5 0.82 0.50
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Tab.3 Comparison of expert discovery of

different pseudo—labeled parameters 7,

T, LRE Answer,, Money,,, Rank,,
0.75 427 334 0.83 0.49
0.80 410 33.9 0.84 0.49
0.85 405 32.7 0.81 0.50
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Tab.6 Comparison of expert findings

between different models

BRSHL LHEE Answer,,  Money,, Rank,,
a=75, =100 411 29.9 0.80 0.50
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