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Extended Abstract

With the rapid development and broad application of information technologies (ITs), the
interactions between data science and policy analysis have been widely observed, e.g., policy
analysts integrates ITs with econometric models to handle real-world issues in science,
technology, innovation and policy (STIP) research (Funk & Owen-Smith 2016; Tang & Popp
2016), and data scientists or leading IT companies develop systematic toolkits to support
decision making in a number of public sectors (Bakshy, Eckles & Bernstein 2014; Shah et al.
2015). The involvement of big data further increases this process, and terms such as “big data
analytics” and “business intelligence” have become more and more popular in STIP studies
(Chen, Chiang & Storey 2012; Kim, Trimi & Chung 2014). However, raised by Athey (2017),
theoretical and practical innovation of ITs is still required to stimulate big data to achieve the
full potential in informing STIP. Under this circumstance, this paper aims to answer the
following two research questions: 1) considering the increasingly in-depth interactions
between data science and policy analysis, how can we detect and track such interactions and
visualize their dynamics in the past decades? 2) Since the interactions between data science
and policy analysis seem like a trend, is there a direct correlation between such interactions
and the quality of related research?

A bibliometric study is constructed to address concerns to the two questions above, and the
designed research framework is given in Figure 1, in which four functions are mainly
involved: search strategy, topic analysis, network analysis, and interaction exploration. An
expert panel with both data scientists and policy analysts is formed to support the study.

The expert panel will provide a list of leading journals in the fields of public administration,
computer science, information science, business and management, and multidisciplinary
studies, and articles published in these journals are collected. Then, we extract the
bibliographic information of these articles, including author information and citation statistics,
and natural language processing techniques are used to retrieve terms.

Topic analysis and network analysis are conducted in parallel. Topic analysis is designed for
the first question. We introduce a term clumping process (Zhang et al. 2014) to remove noise
and consolidate synonyms, and a list of core scientific and technological terms will be
generated. Then, topic models (Suominen & Toivanen 2016) are used to identify core topics,
and a model of scientific evolutionary pathways (Zhang et al. 2017 (to appear)) is to discover
the evolutionary relationships between topics (e.g., predecessors and descendants) within a
learning process. Oriented to the second question, we construct a co-authorship network and
identify the degree of the active interactions of nodes via centrality measures (Yan & Ding
2009). Citation statistics and journal impact factors then act as reference indicators for
evaluating the quality of articles, and correlation analysis is used to examine whether a
correlation exists between the quality of articles and active cross-disciplinary interactions.
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Quantitative results then will be integrated with expert knowledge provided by the expert
panel, and an in-depth discussion will be given to explore insights on the interactions
between data science and policy analysis.
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Figure 1. Research framework of the bibliometric study for exploring interactions between
data science and policy analysis
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