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Expert Recommendation Model for Technology Services
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Abstract;Due to the strong demand for professional knowledge, public decision — making needs more and more experts to provide
professional services. Thence experts and their expertise could be involved in the decision-making process widely and deeply. However,
the current recommendation system could not deeply explore the tacit knowledge associations between the needs of users and the interests
of experts,and could hardly recommend suitable experts for a specific need. The lack of the solution to access the proper knowledge
instead of the lack of knowledge became another obstacle to expert recommendation, which could be solved by knowledge
recommendation. Historical servicing cases were combined to conduct a systematic study on how to recommend proper experts to meet
the needs of the public for decision—making consultation. Finally,a new recommendation method was proposed. The method proposed a
solution based on the concept of “relationship” , which was the knowledge web targeting the tacit knowledge connection. Based on the
knowledge web,an expert recommendation model was proposed to meet the needs of technology services.
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