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Data collection and classification .
e Spreadability.
e The data were collected from March 5th to December 31st Temporal and static networks Si(\7) = Zi(A,7))| (5)
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of 2016 about the impeachment ot Dilma Rousseft. e Users: N ={1,2,..., N}.

e Each interaction from i to j (¢, j € N') occurs at time Pj
t with sentiment s;: e = (i, 7, t, St). Hi =

o Average (u;) and variance (o;) of the position of Z;:
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e From the total of 48.2 million tweets, 12.3 million con-
tained at least one hashtag.
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Table 1: Some events during the impeachment process. JET; ’ ’L’

o Interactions: & = {e, es,..., ey }.
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Word clouds of hashtags
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Figure 5: Contour maps for the position of the (a) tweets received P WS PSmrvion

Figure 2: Word clouds for: (a) -1, (b) 0, (¢) +1, (d) all sentiments. PNN

and (b) nearest-neighbors against the position P.
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