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Abstract. We motivate and outline an analysis pipeline used to measure approxi-
mations to “truth” in online comment networks. After structuring such networks as
bipolar argumentation frameworks, we investigate whether reading only part of the
comments will allow the reader to get a “fair” approximation of the “truth” of the
network; this is formalised as comparing the grounded extension of what has been
read (as an induced sub-framework) with the grounded extension of the entire net-
work (the “truth”). We close by outlining future work, in particular by considering
factors would affect the rate of such an approximation to the “truth” with respect to
which portion of the comments are read.
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1. Introduction

Discussions that take place online have effects in the real world, such as having possibly
influenced the course of the 2016 US Presidential Election [1]. Indeed, many people
now have their opinions about a vast range of topics shaped by reading such discussions
online [8]. Websites that host these discussions tend to reveal only a part of the whole
discussion according to some policy, such as offering the option to display the comments
from most to least liked.2 Our broader question is how do such policies influence whether
readers can get the “truth” of the discussion? But we cannot answer this unless we make
precise the idea of what it means for readers to get this “truth”. We therefore outline an
analysis pipeline based in argumentation theory to formalise and measure this quantity
of “getting the truth” depending on how many of the comments the reader would have
read. Section 2 recaps the appropriate background, Section 3 outlines this pipeline, and
Section 4 discusses future work.

2. Background

Recall that a bipolar argumentation framework (BAF) is a structure
〈
A,Ratt ,Rsup

〉
where A is the set of arguments, Ratt ⊆ A2 denotes when two arguments disagree, and
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Rsup ⊆ A2 denotes when two arguments agree [3]. There are principled ways to absorb
Rsup into Ratt [4], resulting in an abstract argumentation framework (AF) 〈A,R〉, from
which we can calculate various extensions (normatively winning arguments) [6]. Given
an online comment network, each comment can be treated as an argument, and each
reply can be classified as an attack and support based on the texts of the comments using
various methods (e.g. deep learning [5]); here, support relations are necessary because
we are working with natural language rather than logic [9]. This allows us to represent
a comment network as a BAF, such that the extensions serve as a notion of the “truth”,
which guide the reader into what he or she should believe.

3. Formalism and Analysis Pipeline

Suppose our comment network has N ∈ N+ comments and has been structured into the
AF 〈A,R〉. Suppose a reader reads 0≤ n≤N such comments in a given order that is spec-
ified by the policy of the platform hosting the comment network. The comment network
that has been read is represented by the AF 〈A′,R′〉; this is an induced sub-framework
of 〈A,R〉 w.r.t. the n comments read. As a starting point, we choose to compare the
grounded extensions because it always exists, is unique [6], and is tractable [7]. Let G
and G′ denote the grounded extensions of 〈A,R〉 and 〈A′,R′〉 respectively. We measure
how much this reader “gets” amongst the winning comments with the Jaccard coeffi-
cient, i.e. J(G,G′) := |G∩G′|

|G∪G′| ∈ [0,1] and J (∅,∅) := 1. Given a comment network, we
can plot J vs. n to get a qualitative idea of how J varies w.r.t. n. Our data analysis pipeline
is illustrated as follows:

Entire com-
ment network BAF AF G

Comment
network, n
comments

Induced BAF AF’ G′

J(G,G′)
given n

We do not expect J to monotonically increase w.r.t. n. For example, in simple rein-
statement [10], the AF is A = {a,b,c}, R = {(c,b),(b,a)}, and G = {a,c}. Suppose we
read the AF in the order of a, b then c. If n = 0, G′ =∅ so J = 0. If n = 1, G′ = {a} so
J = 0.5. If n = 2, G′ = {b} so J = 0. If n = 3, G′ = G so J = 1.

4. Conclusions with Future Work

We have outlined a pipeline designed to measure the speed of “getting” the “truth” when
reading online comment networks w.r.t. to the number of comments, structured as an AF
with “truth” being the grounded extension. As discussed in Section 1, this will allow us to
investigate how the various policies the websites hosting such comment networks would
affect this speed, such as which of sorting the comments by upvotes or by chronological
order is faster. Further, there are many modelling choices that need to be better motivated,
such as whether it is fair to treat all comments as arguments when [2] argues that one
should not, at least in the context of Twitter, or that how replies which are neither attacks
nor supports can be treated. Addressing these problems will be a step towards providing
a data-driven understanding of online discourse.
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