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Towards Big Data-Driven Human Mobility Patterns and Models
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Abstract: In the big data era, massive volumes of individual-level movements, extracted from various
geospatial data, including mobile phone data, public transportation card records, social media check-in
data, taxi trajectories, and bank card records, are available for scholars in different fields to study hu-
man mobility patterns. These studies enrich spatio-temporal analysis methods in GIS and provide a
new perspective to human-environment interactions. Observed human mobility patterns and models
can be applied to many applications such as transportation and public health. This paper presents a ge-
neric workflow for big-data-driven human mobility analyses and summaries major movement meas-
ures. By comparing a number of models used to interpret and reproduce the observed pattern, this pa-
per emphasizes the geographical impact on human mobility patterns.
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Abstract: Big data is changing the world, and also posing challenges for GIS. The volume, velocity,
and variety of these data challenge the data management ability of GIS, while the veracity and value is-
sues of big data challenge spatial analysis theory and methods. Thus, as a tool focusing on spatial data
management, analysis and visualization, GIS has to make necessary adjustments and changes to meet
the big data requirements. This paper discusses the challenges based on the 5V properties of big data,
and then, analyzes three characteristics of future GIS in the big data era, which are: (O scalable data
management, @data-driven modeling and data mining, and @) geo-computational visual analytic.
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