Understanding Political Polarization via Jointly Modeling Users,
Connections and Multimodal Contents on Heterogeneous Graphs
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Introduction

A 2016 Pew Research study [1] found that of all U.S. adults, 67% use social media platforms with 44% using the platforms to discover news

Social media is found to shape political discourse in the U.S. and the whole world [2]

The extent to which the opinions on an issue are opposed is termed "political polarization" [3]. The formation of such political polarization is not necessarily a serious problem,
but the concern is that the opinions may become increasingly polarized when they are shared, viewed and discussed in a homogeneous community [2]

Therefore, understanding political polarization on social platforms is important

We introduce an efficient framework based on bipartite heterogeneous graph neural networks (GNN) to learn user embeddings without requiring political ideology
labels. The learned embeddings are then used to detect the political ideology of social media users and understand online political polarization

U U U

LU

Method and Material

Datasets: We employ two large-scale Twitter datasets that record online discussions on Table 1 Statistics of the inflation and vaccine datasets.
economy (inflation) and public health (COVID-19 vaccination) to demonstrate the
effectiveness of our framework. The total size of these two datasets is significantly
larger than most public datasets for ideology detection.

Dataset  # unique users  # unique tweets  # tweets

inflation 8,824 22,661 42,297
vaccine 2,214 10,998 20,331
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Figure 1: An example of different node types and relation types on Twitter. Figure 2: The diagram of our framework.

1.00 1.00 1.00 1.00 1.00 1.00 _1 OO '1 00
U;:{ Info - - Textual - Visual - V.T.e.xttfal_ﬂfsual - User Ir:fo#%ggalﬂlisual — : 23";_;.?,-7';;“'.MBPHGNN - e e e e L L LT - I__________-m_";' ———————— [ .
S - - o | T R | 2] g 1 e SRR B —
025 " '3 ; t'-,':g}.‘." v i;f.-* : 025 - AL 0.25 ’f 025 . ,: &0 | a,g;?‘:f‘i;:-.-’ e i s : ":ﬁ;’ﬁ;’-&i é.-‘:.', Wt v 0.75
B T D s ooy SUEARIIRIS L ob - | e SRR
oo T DR o ' . Y . b A L e et | IR L R S ok |
*“f‘$£§¥ —0.75 | J“ jad -0.75 it —0175 | -0'75 N ";:." J';’." '::‘.-3‘@3':’:&} | | .‘ﬁ%%—}':{ oot ":f‘:' R o At 2
2 I | i | | - € | o I | . B R e S R -0.25 N N A T B i SO T -0.25
o ;1620 : - -1.00 c « « M_q100 ;1030 :L 3,": “’&&:'f,s t J %:;:%%f;*% éﬁ"‘ ¢ ;w .i - : w ’,._:g;:.:%; "-i ,‘:
Usfg;!nfo I0:75 » : ‘ User Info+Textual+V'sual l0:75 -1 ____'—"!';‘.'.“.’t'::-:__":t]r:: 0.00 ° i =.=‘_': ":..‘.{f j::;-‘;:‘:% N : . i ﬁ..;:; E:-:;;::._f:‘f}ih. 0.00
050 ° 49%?; Sw : 050 ; RSN O\ E‘—.’-:,g : —..._-_—-.—'—T}.;3;.5‘-;},.;:2.: . : * e -.%';‘.g i -,. :';_':_:lf“;'}ﬁ:":‘g‘;é"'. "i .
025 = - 5 025 128 Fx s Py s Sl U O N S I ' '5 Aty % S
0.00 0.00 % 20 }ﬁ*ﬁ%ﬁf‘{.&p 2eeel: JI Tah "1:' =025 20 - | t-‘---'-: T -—0.25
'VQ - (R S o ¢ :-‘. P 5 ™ ,é-':“ R e T
TR e w Il . e Tac] o F e TR A
RS S L I . L I - LR ' I . * 5 :?'{;‘- o 2ol : -—0.50 AR o i -—0.50
SR O i -0.7 -0.7 -0.7 ! LYy ] 50 | ei fm.r.-'._;.:..i“::.
RIS g -1.00 A -1.00 .. B0 : e s e ‘ : ?"l-"é»--:w:? ne b e L";.-?":%'.;.af_i:‘f :fq." ;‘;:» :
> e Lo --0.75 R RSN --0.75
3 v | © 3!_ ’ '“”f-?"{f‘%‘. :-‘: b
o -60 -40 -20 0 20 40 60 80 -—1 'OO =40 -20 0 20 40 60 __1 '00
Table 2: Results using the logistic regression model (The best results are highlighted in bold). Figure 3: t-SNE visualization.
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