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Abstract An event is usually defined as an incident that takes place in a specific location and time, impacting either the
society or the nature in a nontrivial way. Civil unrest, terrorist attacks and pandemics are commonly known events that can
pose serious threats to both national security and public safety. Effectively predicting upcoming events is highly desirable
in reality, as successful predictions can be of great use in designing countermeasures to prevent or reduce potential losses.
Predicting events in advances plays an important role in public security, risk perception and infectious disease prevention
and control, etc. Although event prediction used to be a technically challenging task, recent advances in the fields of big
data analytics and machine learning have brought promising opportunities in applying these techniques to solve real world
prediction problems. This paper presents a systematic survey on data-driven event prediction research studies. We first
introduce the formal definition of event prediction problem and the evaluation metrics of various prediction techniques.
Then, the state-of-the-art algorithms and schemes proposed in the field of event prediction are summarized and classified.
All existing event prediction methods can be classified into 8 categories: frequent pattern mining, traditional classification
model, time series model, temporal point processes, geospatial predictive modeling, event knowledge graph, unsupervised
machine learning, multi-model fusion method. We present a systematic and comprehensive summary for each category of
these methods. After that, we proceed by discussing the main real-world applications of event prediction techniques, in-
cluding public security, disease prevention, smart city and natural disaster prediction. We conclude this survey by summa-
rizing multiple open research problems and several possible directions on event prediction research. To the best of our
knowledge, this study provides a comprehensive summarization of recent research and advances on data-driven event pre-
diction. We hope this paper can be a useful booster in the research of event prediction and applying this technique in solv-
ing real world problems.
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Figure 1 The uncertainties of event prediction
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Figure 5 The architecture of event prediction system
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