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Table3+ A Comparison of Inputs and Outputs of Representative Expert Recommendation Methods

Category Representative method 10 IT 12 I3 14 I5 16 I7 I8 19 IA IB IC O1 O2
. Votes Vv Vv Vv
11?23?;1]())155 Best answer proportion Vv Vv Vv
Consine similarity based on TF-IDF [19] Vv Vv Vv Vv
QLL!Z 29 VooV Y Y
le:::)g(ilca}bgc Category-sensitive QLL [27:27] Vv Vv vV Vv Vv
Expertise-aware QLL (6:28] vV vV vV vV vV
Topic PLSA [15:34] . LDA (36] . STM (37) , UQA (3] i v vV i
models DRM [35] v vV V v v
TagLDA %) Vv Vv Vv Vv
Indegree (41| PageRank [47:48] HITS [46:53] i Vv
z{score 41| Expertise-aware methods [14:41:45:55:56] Vv Vv Vv Vv
N ctlﬁg:ll:;%?(?d Reputation-aware methods [60:61] ARV Vv
Category-sensitive methods [57:58] Vv Vi Vv Vv
Graph embedding method (¢ vV VvV OV Vv v Vv Vv Vv

Classification SVM [65:66] ' 4,505 RF[48] GBDT (70) v v v Vv v v v v Vv V
methods LTR (72 v v V v v v Vv VvV V v
Expcrtizo%rcolbability Bernoulli MAP model 7] Vv Vv Vv
Collaborative MF [79] v v oV v Vv
Filtering Tag-based PMF (81) vV v Vv vV vV vV

QLL+LDA [30] Topical Pa eRank [83]

TEL (87] LDA+TF 90] \/ \/ \/ \/
n}llcbé ll)ll(;i(ciis Topical PageRank+Expertise 39! Vv Vv Vv Vv Vv
QLL+LDA+userActivity+Indegree (3] v vV v Vv vV vV vV

Indegree+Clustering [55) Vv Vv Vv Vv v Vv
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