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Abstract: Internet or “big” data are increasingly used in measuring the relevant activities of individual,
households, firms and public agents in a timely way. The information set involves large number of ob-
servations and embraces flexible conceptual forms and experimental settings. Therefore, internet data
are extremely useful to study a wide variety of human resource issues, including forecasting, nowcast-
ing, detecting health issues and well-being, capturing the matching process in various parts of individ-
ual life, and measuring complex processes where traditional data have known deficits. This paper focu-
ses on the analysis of unemployment by means of internet activity data, a literature starting with the
seminal article of Askitas and Zimmermann. The article provides insights and a brief overview of the
current state of research.
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