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Abstract. Dealing with complex and controversial topics like the spread
of misinformation is a salient aspect of our lives. In this paper, we
present initial work towards developing a recommendation system that
uses crowd-sourced social argumentation with pedagogical agents to help
combat misinformation. We model users’ emotional associations on such
topics and inform the pedagogical agents using a recommendation system based on both the users’ emotional profiles and the semantic content
from the argumentation graph. This approach can be utilized in either
formal or informal learning settings, using threaded discussions or social
networking virtual communities.
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Introduction

Dealing with complex and controversial questions has always been a salient aspect of our lives; questions like “Do we use only 10% of our brain?” or “Were the
crowds truly larger at Donald Trump’s inauguration than at Barack Obama’s?”
Ironically, such emotionally charged topics often elicit the backfire eﬀect, where
people’s opinions harden in the face of facts to the contrary [8].
In this paper, we present initial work towards developing a recommendation
system that uses crowd-sourced social argumentation with pedagogical agents

Fig. 1. System Overview: Social Collaborative Argumentation + Emotional Profiles +
[Multi-Attribute Utility Theory Recommendation System + Pedagogical Agents]

2

R. Sethi et al.

(PAs) to help engender an analytical, evidence-based approach for combating
misinformation. Our goal is to help learners think critically about such topics by
using social collaborative argumentation supported by PAs that are informed by
a recommendation system based on user’ emotional and semantic profiles. An
overview of our approach is shown in Figure 1.
1.1

Background

Our goal is to help people more eﬀectively explore and understand their possibly
subconscious biases in an eﬀort to overcome the backfire eﬀect and formulate
more varied insights into complex topics. We utilize a structured learning environment, consisting of a virtual community that supports social collaborative
argumentation, to build an argumentation graph which captures the semantic
content of the propositions associated with such topics [9, 10].
We then address the role of emotion in reasoning by modeling the emotional profiles of users and contributors. We use both self-reported emotions
and natural language processing with sentiment analysis from an explanation
interface to create emotional profiles for users [8].
We now extend this approach to incorporate Pedagogical Agents (PA)
to aid users’ learning and gauge the impact of diﬀerent PAs exhibiting varying
degrees of emotion and knowledge. The PAs are informed by a recommendation system that fuses both the emotional profiles of users and the semantic
content from the argumentation graph. We can use this emotional assessment
to also gauge the extent of the backfire eﬀect and the change in critical thinking
as well as the ability of users to monitor and regulate their self-regulated learning processes by considering diﬀerent types of information, evidence, and social
influence delivered by the PAs.
This approach can have broad applicability for improving online classroom
learning that utilizes threaded discussions; for facilitating decision-making amongst
domain experts; and for creating an informed electorate that can assess the
trustworthiness of information and information sources and lessen the risks of
untrustworthy information like “alternative facts” and “fake news.” It can also
be used to alter existing social networking sites like Facebook to leverage their
current userbase and aid in mitigating destructive online behaviour like spreading misinformation.
The three parts of our overall approach, shown in Figure 1, consist of the:
1. Social Collaborative Argumentation and Virtual Community
Our social collaborative argumentation framework allows arguments to be
expressed in a graph structure with input to be provided by a crowd that
is mediated by experts. The fundamental idea is to incorporate content,
ratings, authority, trust, and other properties in a graph-based framework
combined with a recommendation system which explains the tradeoﬀ of various competing claims based on those attributes. [9, 10, 12, 11]
2. Emotional and Semantic Profiles
We model users’ emotional associations on complex, controversial topics as
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well as create a proposition profile, based on the semantic and collaborative
content of propositions. Our framework combines emotional profiles of users
for each proposition along with the semantic proposition profile. [9, 8]
3. Explanation Interface Recommendation System and Pedagogical Agents Interaction, as developed next.

2

Recommender System Explaining Interface

Long, complex arguments have a tendency to overwhelm users and leave them
unable to decide upon which Stance is best supported for complex or controversial topics [2]. Recommendation systems can help target content to aid users’
decision making and come in many varieties [3, 14].
Although there are advantages to these models and other explanation interfaces [14], including case-based and knowledge-based, combating misinformation
requires the ability to not just look deeply but to look laterally and be able to
account for multiple attributes [15]. Multi-Attribute Utility Theory (MAUT) [7]
based explanation systems have been shown to do exactly this by increasing
trustworthiness and persuasiveness in users’ decision-making [5, 4].
Since our goal is to also increase the trustworthiness and persuasiveness of
examining information online, we use the MAUT-based approach to create a
novel explanation interface that can help users reason about controversial or nuanced topics comprehensively, including analyzing the semantic and emotional
content of a complex argument in order to overcome both cognitive and emotional biases that contribute to echo chambers and the backfire eﬀect. As such,
not only does the system need to address the trust and authority of the information and its sources but the Viewer needs to be able to assess these components
independently, as well. [9, 10]
We therefore create a recommender system that can recommend diﬀerent
Stances for a Proposition depending on the emotional and cognitive content of
the collaborative argument. We anticipate that most Propositions will represent
complex, nuanced Topics and so will have a number of Stances in general. The
system will thus suggest supported Stances based on weights from the Viewer.
We do so by forming both Semantic and Emotional Profiles. Analogous to
the standard recommendation models, we map {Products} → {Stances} and
{Attributes} → {Claims, Evidence, Sources, Contributors}. Wherein the traditional recommender system utilizes the content of {Reviews}, we consider the
content of {Claim, Evidence} nodes in the argumentation graph, GA .
We also conduct a sentiment analysis on these Claims and Evidence nodes
to create a Proposition Sentiment Profile. Using Viewer ratings of the emotional
and depth of feeling callouts, we construct a Viewer Emotional Profile as well
as a Proposition Emotional Profile. [9, 8] We further construct a Proposition
Semantic Profile by using a Text Analysis approach for the semantic content and
combining it with the collaborative cognitive content as well as the weights along
the various dimensions of Contributor ratings, trust, and authority encapsulated
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in the edges e ∈ E of the GA . Finally, we create the following utility model as
per MAUT [7]:

Uv (S) =

m

i=1

wi · [α · Vi (S) + (1 − α) · Oi (S)] +

n


j=m+1

wj · Oj (S)

(1)

where Uv (S) is the utility of a Stance, S, for a Viewer, v, in terms of the
Viewer’s preferences. This contains an attribute model value, Vi , which denotes
the Viewer’s preference for each attribute, ai , as well as a sentiment model
value based on opinion mining, or sentiment analysis, O, as detailed next. The
Sentiment Stance Model is expressed as:
Oi (S) =

1
|R(ai , S)|



Oi (r)

(2)

r∈R(ai ,S)

where R(ai , S) is the set of Claims and Evidence, analogous to Reviews in
traditional recommender systems, with respect to a Stance, S, that contain the
opinions extracted on attributes, ai , which consist of Claims, Evidence, Sources,
and Contributors. The sentiment for each review component, Oi (r), is defined
as:

2
e∈E(ai ,r) polarity(e)
Oi (r) = 
(3)
e∈E(ai ,r) polarity(e)

where E is the set of sentiment elements associated with all the features
mapped to an attribute ai in a review component r and polarity(e) is the polarity
value for the element e as derived using standard statistical sentiment analysis
[6].
The utility model, Uv (S), establishes a Viewer’s preferences using a standard
weighted additive form of the value functions [4, 5, 7]. This model allows us to
calculate the tradeoﬀs in order to explicitly resolve a Viewer’s preferences. We
calculate this tradeoﬀ among the top k recommended Stance candidates; these
are limited to min[5, |S|], where 5 is the optimum number of options in a category
less than 6 as discovered by [4], and |S| is the number of returned Stances. We
then run the Apriori algorithm [1] over all candidates’ tradeoﬀ vectors in order
to calculate the Categories for Stances, as motivated by [4, 5] .
All Stances with the same subset of tradeoﬀ pairs are grouped together into
one Category; these tradeoﬀ vectors take the form of sentiment and feature
combined into a phrase like, “more Evidence”, “more Polarized”, etc. The Categories, in turn, use the tradeoﬀ vectors as their descriptors so that we end up
with Category Titles like, “This Stance has more Evidence from highly-rated
Contributors and have greater similarity in terms of Content.” The category
title is thus the explanation that shows the advantages and disadvantages of the
Stances. A mockup of how this would appear is shown in Figure 2.
Finally, we want category titles that are diﬀerent to maximize how informative they are . As such, we also map the Diversity, D, of each Category, c, in the
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Fig. 2. A sample of the recommendations for Stances organized according to Category
Titles made up of tradeoﬀ vectors. Tradeoﬀ vectors are of the type, “more Evidence”,
“lower Trustworthiness”, etc., while Category Titles are of the form, “These Stances
have greater Feeling but are more Polarized and have lower Trustworthiness”.

set of Categories, C, in terms of both the Category Title, which is simply the
set of tradeoﬀ vectors, and the set of Stances in c, S(c), as:
c ∩ ci
S(c) ∩ S(ci )
) × (1 −
)]
(4)
|c|
|S(c)|
In the last step, the Viewer can update their preferences by using a button to
oﬀer better matching Stances. By also incorporating our structured discussion
metrics [13], this framework can be applied to everything from analyzing misinformation to structuring discussions in online courses to ensure the information
is trustworthy and the information sources assessable via the Category Titles.
D(c, S(c)) = min [(1 −
ci ∈C
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Pedagogical Agents (PAs)

This explanatory recommendation infrastructure also utilizes PAs which will
guide the user’s experience. For example, suppose the topic a user wants to
analyze is the crowd size at the 2017 inauguration. Viewers can examine the
social argument with the aid of a PA. They can choose the kind of PA with
whom to interact, like Friendly Republican or Objective Democrat or Angry
Independent, etc.
In our approach, an argument is composed of Stances, Claims, Evidence,
and Sources. This crowd-sourced argument is built out by the contributors to
our system. [9, 8] Once the argument is constructed, Viewers can interact with
the argument and the PA. This PA can then guide the Viewer through the
examination of the argument using the biases captured in the PA and help
critically analyze the topic. Viewers can change the PAs in their preferences or
they can change them depending on aﬀective data, either implicit or explicit, as
collected by our framework.
In particular, the PAs can help viewers navigate the claims and especially
those that might contradict their initial stance on a topic by helping them evaluate both the evidence and feelings for alternative claims. Since the PA will be
built upon the Multi Attribute Utility Theory, it will be able to provide the
explanation for why the alternative claims are presented from both a cognitive
and aﬀective perspective.
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