Measuring user influence on temporal networks
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Introduction
Social media users establish communities to share opinions, influence others, and build a In this work, we study how users’ influence can be measured by considering prior
reputation for themselves over time. As a result, users’ influence becomes a valuable interactions and how they affect the most recent network. To comprehend users’
asset. Influential users can determine trends, political opinions, and mis- information [1]. influence amid their interactions, it is relevant to address two main factors:
Prior work has provided multiple metrics to measure user influence based on their temporal analysis and graph centrality. The temporal analysis allows us to
interactions, which can be modeled as social networks [2-6]. However, most of these determine influence as the consequence of prior interactions and provides a
studies focus mainly on the most recent users’ interactions and do not consider the role perspective on how relevant users change over time. On the other hand, graph
of past ir ions in users' infl . Analyzing static network metrics may only detect centrality allows us to rank users in the network according to their interactions,
popular users after posting something that became viral, but they do not necessarily gain which can be a proxy for measuring their influence.

influence afterward. Understanding the role of past interactions is crucial nowadays since
it can provide more information and insights about how these influential users emerge
from their communities.
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The Figure shows a visual representation of a temporal network with two nodes

connecting with other nodes. While the green node and blue node have the same

centrality in the current time Tn, their temporal centrality will differ when considering their Re su |tS
prior interactions (ie, Ty, ..., Ty ).

We tested our metric WPR using data collected from Twitter. For this study,
F ormu | at | on we used online interaction related to Gabriel Boric, the Chilean president.
We collected data related to his presidential campaign in 2021, The data
collection extends from September 23 to December 20, 2021 In total, we
collected 6,530,536 interactions from 327,282 unique users. For this
analysis, we created 10-day intervals from the studied period. As a result, we
obtained nine temporal networks to analyze. Different intervals, such as
days, weeks, or months, could be studied.

We define an evolving graph as a su ion of di d weighted graphs over time. The evolving
graph can be formulated as G = (g g° .., g") with associated time labels T = t,t...t,. Each g = (VE)
represents a graph with V users, and E labeled by a time t. We assume the set of V does not change
over time. An interaction is an edge between usersiand j (i j € V) at some time t. These interactions
are affected by time, causing the presence or absence of an edge to vary across different time
intervals, We represent interactions using the notation E' (i, )) € Et Ranking Decile Change Matrix
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Once two users interact, the influence of that interaction will tend to decay over time. Therefore, .
it is crucial to consider the elapsed time when representing the influence of that interaction. We R
implement geometrically weighted degree counts [8] to represent this. Given two users i and ; -
from V', each weigth is defined as w, determined by: == e
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— When comparing the evaluation of PageRank on T, versus our metric WPR ranking.
. ‘_ ) cor s j —. ; _. . The figure illustrates the changes in deciles for users. A significant group remains in
where, aij is the adjacency value for the the first decile in both rankings. Many of them are close colleagues or work with the
directed edge E* (i) and Tn is the time- The Figure shows the value decay over President. Others Users who ranked high PR scores (from the first to the fourth
interval of the most recent graph of G. We time across elapsed time intervals for dec.'".?) now score low W?R scor?s. sl.'lovnng t.;hat many l.fSeI'S fve.re not in central
define a as the parameter that regulates different values of a. As a result of positions of the network in previous interactions. We think this is a consequence of
the geometric rate of temporal decrease. influence interactions’ decay over time. ephemeral but not meaningful influencers.
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