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¢ Joint work with
Krisztian Balog, Richard Berendsen, Matthias 
Breuss, Marc Bron, Katja Hofmann, Bouke 
Huurnink, Edgar Meij, Gilad Mishne, Andrei Oghina, 
Daan Odijk, Hendrike Peetz, Manos Tsagkias, 
Wouter Weerkamp, Shimon Whiteson
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¢ We increasingly live our lives online
¢ Interleave on-line and on-earth
¢ Observing and mining human behavior
¢ Use search engine to find, analyse and predict
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Can we mine useful 
knowledge from digital 

traces of people’s lives?
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Open
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So what?
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Life Mining

Search, recommend and predict

¢ Focus on user behavior
¢ Exploit user behavior

£ Recognize it, segment it, label it, interpret it, connect it
£ Predict it
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Life Mining

Clicked URLs-behavior

¢ Relevance is time-dependent
¢ Bring temporal user behavior to bear on ranking 

search results
¢ Adjust  on the fly ≠ temporal priors
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Clicked URLs-behavior

¢ Relevance is time-dependent
¢ Bring temporal user behavior to bear on ranking 

search results
¢ Adjust  on the fly ≠ temporal priors

14

2–3 weeks prior to election: 

most clicked URLs relate to 

location of polling stations2–3 days prior to election: 

most clicked URLs relate to 
missing voting cardsthe day of the election: 

opening hours of polling 
stations
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Prediction: The volume of comments

¢ How many (if any) comments 
will a news article get?

¢ “Impact prediction”
¢ Assumption: there are 

regularities in what makes 
people respond to a news 
article

¢ Core intuitions
£ Where, what, when, who?
£ What else is going on?
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¢ Observe a “signal” in one channel, to predict a “signal” in another 
channel
£ Twitter & YouTube / IMDb

¢ Two classes of features
£ Quantitative indicators aim at capturing the amount of activity around a 

movie title 
� views, number of comments, number of favorites, number of likes, the number of dislikes, 

the fraction of likes over dislikes for each trailer clip on YouTube, the number of tweets on 
Twitter.

£ Qualitative indicators aim at capturing the meaning of the activity (i.e., what 
people say about a movie)
� Textual features extracted by comparing the log-likelihood of a term in tweets and YouTube 

comments associated with the top-N and bottom-N movies, based on their IMDb ratings
� Examples of extracted positive textual features amaz, perfect, awesom
� Negative ones stupid, worst, terribl
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Prediction: Radicalization

¢ Signs of online radicalization
¢ Not a simple classification task based on a static snapshot of data
¢ From “on earth” social psychology:

£ Two phases
� One

� Talking about a growing number of topics
� Talking to an increasingly large group

� Two
� Restrict to a small number of topics
� Limit audience to a small number of people

¢ Can be implemented by
£ Keeping track of language model
£ Keeping track of structure of social network

¢ Interesting false positives
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What’s next?
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Life mining agenda

Interpret search trails across time

• Scattered across multiple sessions, status update, tweets

• Recognize and label activities 

19



Life Mining 19

Life mining agenda

Interpret search trails across time

• Scattered across multiple sessions, status update, tweets

• Recognize and label activities 

Link and interpret the trails
• Online-and-offline behavior
• Social signals, textual, multimedia, news, task setting, …

19



Life Mining 19

Life mining agenda

Interpret search trails across time

• Scattered across multiple sessions, status update, tweets

• Recognize and label activities 

Link and interpret the trails
• Online-and-offline behavior
• Social signals, textual, multimedia, news, task setting, …

Self-tuning search and recommendation engines

• Use temporal user behavior for adjusting rankings

19



Life Mining 19

Life mining agenda

Interpret search trails across time

• Scattered across multiple sessions, status update, tweets

• Recognize and label activities 

Link and interpret the trails
• Online-and-offline behavior
• Social signals, textual, multimedia, news, task setting, …

Self-tuning search and recommendation engines

• Use temporal user behavior for adjusting rankings

Develop predictive models
• Individual behavior, group behavior
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And beyond that?
¢ Track even more signals to 

interpret and recommend …
£ Size and complexity of social network 

correlated with brain structure
£ Different spatial patterns of neural 

activation are associated with 
thinking about different semantic 
categories of words and pictures 
(e.g., tools, buildings, animals).

£ Brain structure of Googlers different 
from brain structure of “deep readers”
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