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Abstract: We report our on-going research to develop a system to predict volume of transactions

of a brand using news articles related to the brand. We investigated the effect of keyword-based

article selection and online learning algorithms on prediction accuracies.
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00000 | 0000 | Accuracy Precision Recall F-measure
00O 1011 | 0.50 (504.7/1011) | 0.44 (179.0/405.3) | 0.39 (179/459) | 0.41
0000 A 148 | 0.46 (68.0/148) | 0.57 (38.1/67.2) | 0.43 (38.1/89) | 0.49
0000 B 124 | 0.54 (66.8/124) | 0.65 (34.6/53.4) | 0.47 (34.6/73) | 0.55
0000 C 33 | 0.54 (17.8/33) 0.66 (13.8/20.8) | 0.63 (13.8/22) | 0.64
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