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Table 1 Example of app usage

timestamp

class name

2016-02-17 17:14:44

com.nttdocomo.android.dhome.HomeActivity

2016-02-17 17:14:45

com.android.dialer.DialtactsActivity

2016-02-17 17:14:49

com.android.incallui.InCallActivity

2016-02-17 17:25:44

com.nttdocomo.android.dhome.HomeActivity
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Fig. 1 Feature Extraction using LSTM
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Fig. 2 Example of Graph Representation of App Usage
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Algorithm 1 Node embedding generation algorithm [8]

Ochass1 Tnput: Graph G(V, E), input features {z,,Vv € V}
© class 2 Output: Vector representations hX for all v € V
(]
(]

1: hY « =z,

2: for k=1 to K do
3: forveVdo

4 ak <+ AGGREGATE,({hk=1,u € N(v)})
5: hE < COMBINE(hE=1, ak

6: end for

7 ht «+ NORMALIZE(hE),Yv eV

8: end for
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