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User Profile Building
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Modeling User Topical Interest
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Modeling User Topical Expertise
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Modeling User Topical Expertise

Procedure LearnUserExpertise
Inputs:
U: User Profiles
V' M: Voting Matrix, contains voting information for each answer.
T'M: Tassign Matrix
K: Topic Number
Output:

EM: User Topical Expertise Matrix %l_ﬁ_ O) I\ :o v 7 C é: O)
Methods: \ = 4=
1: For each user w in U %Fﬁ,'i% A E—_a— %)

2: Let EV = a vector contains u’s expertise on each topic.

3:  Let QA = answers provided by u and their corresponding questions.

4: For (i = 1;1 < |QAl|;i + +)

D: Let Score = the expertise of u on the question QA[il;

6: Score = getScore(VM,u, QA[i]) QA[]ICDWTWBEEMD %S

T Let Probability = a vector contains the topic distribution of question QQ Al¢]

8: Probability = get Probability(Tassign,u, QA[i]) QA[I]DQD ~ EY ¥ 0 = BlS
9:  For (j=1j < K;j++)

10: Add Probability[j] x Score to EV|[j]

11: Add EV to EM

12: NormalizeByT opic(EM) Q@ kB 7j0 k€Y & 5 0EIE £ FHEOBE # 1T &bt

13: Output EM
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Fig. 3. Learning user topical expertise
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Prior Information of Answerers
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Table 1. Data statistics

Tag Questions Askers Answers

C# 99,166 37,363 191,338
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Table 2. Comparison of SQN rate

Approach |S@1 S@3 S@5 S@10 S@20 S@50 S@100

TF-IDF based|0.20% 0.32% 0.45% 0.65% 1.09% 2.17% 3.42%
Ourinterest |1.18% 2.14% 2.66% 3.82% 5.53% 9.226% 13.76%

Ourcomvine |2.11% 4.27% 5.48% 7.76% 11.11% 16.63% 21.50%
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Table 3. Varying value of parameter A

S@l1 S@3 S@5 S@10 S@20 S@50 S@100

0.0
0.3
0.5
0.7
1.0

1.18% 2.14% 2.66% 3.82% 5.53% 9.226% 13.76%
2.08% 3.65% 4.74% 6.84% 9.53% 14.28% 18.92%
2.11% 4.27% 5.48% 7.76% 11.11% 16.63% 21.50%
2.14% 4.35% 5.71% 8.38% 11.86% 18.18% 23.06%
2.18% 4.15% 5.56% 8.33% 12.57% 18.34% 23.01%
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