Predicting Emotion and Attention from Smartphone Behavioral Data
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Fig 4: For each 1nput. data (PI‘eSSI.lI"e, Motion, a,1.r1d Both)., e.ach bar represents the task bemg predicted. The CNN COIlSlSt.eIltly researchers about the pre dictive c ap ablhty of back-of-device interactions
outperforms analysts in both emotion and attention prediction across all tasks, regardless of input data. The red dashed line . U o
indicate a random chance to guess, which is 33%for the attention and 25% for emotion prediction. and the use of less obtrusive data modalities in affect prediction

Motivation for back-of-phone pressure pad:

In Fig 1, in all cases, back of devices have more /8 73 A RQ1:
/0 AN R \_J

interaction surface to explore. Also, the two cuw o ansTow T ands Lo Overall, we found that the CNIN made emotion and attention predictions with significantly

Conclusion

data modalities: phone motion and back-of- higher accuracy than the analysts on any given input data. For emotion, we found that the
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Fig 1: Common phone posture (Hoober) Confusion matrices for CNN Model and Analysts which achieves 60%-89% accuracy for predicting one of four emotion
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Fig 5: (Both input) The CNN has more NN - Emotio NN - Attentic states, and 80%—-96% accuracy for predicting one of three attention levels.
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data points due to smaller chunks of time.
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The ground truth distribution skews towards
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most of the time.
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We envision incorporating the CNN model into the replay and annotation
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We then trained a convolutional neural network (CNN) model and
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recruited user design experts (analysts). Each analyst was required to label
the data from every session from every actor using Motion-only, Pressure- attention level of the user during the user session.
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