Diversity-Aware Reranking of Node2Vec-based Recommendations in Social Networks

Can diversity-aware reranking of node2vec-based link predictions reduce polarization after opinion dynamics, while preserving link prediction quality?
Teodora Mihaila, TU Delft

1 WHY THIS MATTERS

e "People you might know" systems often recommend similar users.

e Connections between like minded people may lead to echo chambers
and an increase in polarization.

2 BACKGROUND

o Node2vec represents each user as a vector learned from biased random
walks through the network. Users with similar neighbourhoods or structural
roles receive similar representations.

e Opinion dynamics models describe how opinions evolve through social
influence. DeGroot averages neighbours’ opinions, while BCM only allows
influence between users whose opinions are sufficiently close.

e LFR is a synthetic graph generation method that results in power law
distributions for degree and community sizes. We generate multiple graph
configurations by varying 1, which controls community segregation, and
n, which controls opinions consensus within a community.

b5 RQ1: How do diversity-aware reranking meth-
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4 RERANKING METHODS

Opinion diversity
so(u,v) =X -s(u,v)+(1—X)-|o, — o,

Rewards links between users with different opinions.

A

Controls the trade-off between the original

node2vec score and diversity.

Community diversity
se(u,v) = A-s(u,v) + (1= A) - 1y # ¢
Rewards links connecting different communities.

ods affect prediction quality?
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DeGroot: opinion diversity reduces polarization the most. Effects

BCM: community diversity reduces polarization, while opinion diversity increases it.

Both reranking methods lower accuracy. Opinion diversity
causes a smaller reduction than community diversity.
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8 LIMITATIONS

Opinion diversity (A = 0.5)

OpDiv A=0.5

SUNBLYN 002 RVNBZRE I ETPA -0.0170 -0.0206 -0.0244 -0.0223 -0.0140 -0.0141

SONOZIGTONEON0Z FSIS IO N0 1R 01051 0) -0.0158 -0.0204 -0.0207 -0.0193 -0.0148 -0.0143

SOROELIA o 0ER R IELER -0.0264 -0.0152 -0.0189 -0.0196 -0.0190 -0.0155 -0.0143

-0.0265 ©¢7ckl -0.0238 -0.0148 -0.0183 -0.0210 -0.0180 -0.0156 -0.0139

-0.0254 -0.0239 -0.0253 -0.0217 -0.0147 -0.0186 -0.0210 -0.0179 -0.0158 -0.0148

-0.0194 -0.0208 -0.0211 -0.0195 -0.0156 -0.0182 -0.0195 -0.0158 -0.0166 -0.0149

-0.0159 -0.0180 -0.0189 -0.0177 -0.0153 -0.0174 -0.0181 -0.0169 -0.0164 -0.0154

Modularity p

are strongest in already polarized graphs: low ;1 (well-separated communities) and high 7
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(high opinion alignment).
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