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2.2 Aligning the trends with news stories

2.3 Language Models
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3. EVALUATION
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3.1 Evaluating Language Models
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3 DET curves are a way to visualize tradeoff between misses and false alarms. Left: distributions of on-target
and off-target scores, areas under the curve correspond to miss and false alarm rates. Right: corresponding DET curve,
obtained by varying the threshold from —oo to co. NOTE: lower means better.

Distributions of document scores
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3.2 Language models vs. classical IR
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Miss probability (in %)
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Predicting SURGE, 5 hours ahead

Predicting SLIGHT RISE, 5 hours ahead
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3.3 Market Simulation
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3.4 Specific or universal models?

5. CONCLUSIONS AND FUTURE WORK
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