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ABSTRACT
In the study of persuasion, little attention is paid to understanding
features that indicate one’s level of susceptibility. In this work, we
examine features that are indicative of an individual’s susceptibil-
ity on Reddit’s changemyview. Specifically, we explore attributes
about the author of the post, the interactions between an author
and other users, and the author’s language style. We first categorize
authors of posts on changemyview into two groups: susceptible
and non-susceptible. We perform a test of significance on different
features between susceptible and non-susceptible authors. Experi-
ments showed that an individual’s language style can be indicative
of one’s susceptibility to a change of opinion. Also, an author’s
prior position on a subject and their way of interacting with other
users can indicate the likelihood of an author having an opinion
change.

CCS CONCEPTS
• Human-centered computing→ Empirical studies in collabora-
tive and social computing;
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1 INTRODUCTION
There is a growing interest in understanding persuasion processes
in various social media platforms, e.g., the influential users in an
online community [17, 18], the types of persuasion attempts [2]
and the indicators of a social media comment’s persuasion power
[10, 20, 27]. The majority of these research activities have focused
on the side of pursuing persuasion, with only a few studies that
examine the other side - those who are being persuaded [20, 23, 24].
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With the goal of identifying the properties of susceptible and
non-susceptible individuals, we analyzed the Reddit changemyview
subreddit. In this subreddit, the author of a post makes a submission
on an opinion and seeks comments from other users to change
her opinion. If a user is successful in changing the author’s initial
opinion, the user is awarded a point referred to as a delta point.
As an author of a post on changemyview, you are required not only
to issue a delta point when your opinion changes but also required
to explain the reasons for the change in opinion.

In the context of Reddit changemyview discussions, what then
could be possible sources of information in characterizing the orig-
inal posts? We consider three broader sources of information in
segregating the submissions: (1) the prior position of the author
regarding the topic. (2) the interactions between the author of a
post and their challengers (those individuals that interact with the
original author in an attempt to influence his or her views). (3) the
language use in the post. According to [29], authors of articles in
web-based communication channels are more likely to live their
own “writeprints" because web-based channels are relatively ca-
sual in comparison to formal publications. We therefore believe an
author’s contains “writeprints" that could characterize how suscep-
tible an author might be. With the interactions between an author
of a post and their challengers, work suggested that an author’s
interactions with other users could be a useful means of segregating
the authors.

Understanding the features that are indicative of an individual’s
susceptibility is useful in many regards. In the study of influence,
identifying traits that characterize susceptible and non-susceptible
users provides useful insights to understanding how different peo-
ple can be influenced. For example, suppose user A is attempting
to persuade two other users, B and C. If, for instance, user A finds
out that user B is not somebody who typically changes their mind
on a particular subject, but user C is one who is very susceptible,
this means that the amount and style of persuasion as far as users
B and C are concerned should be different, as a lot of effort will be
required to persuade user C. In cases where user A does not have
any information on the susceptibility of the users, then they are
likely to be treated equally.

In this work, we explore features which can significantly sepa-
rate users that change their mind all the time and users that never
changed their mind on the Reddit subreddit, changemyview. Ex-
periments showed that various authors have unique features that
can aid in identifying how susceptible an author is to an opinion
change. With respect to language use, susceptible users use more
punctuation in their writing than non-susceptible users. They also
demonstrate more uncertainty in their writing than non-susceptible
users. In the interaction of authors and other users, we observed
that users that changed their mind most of the time are interactivity
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at the early part of a conversation in comparison to users that never
change their mind.

2 RELATEDWORK
Researchers have been interested in studying the behavior of social
media users in different contexts. Michael and Christoph [19] stud-
ied the interactions among users in online social media. Specifically,
they studied reciprocity of communications among different users
and observe that there are always some features characteristics
that can in aid in the inference of reciprocity. With a similar goal
of inferring the reciprocity of a communication between two in-
dividuals, the authors in [4] suggested that different features such
as in-degree, the number of incoming and outgoing messages, etc.
have high predictive power in relation to reciprocity prediction.
In identifying spammers, Tan et. al[21] posit that user generated
content spammers are characterized by some unique features. One
notable behavior was that most user generated content spammers
makes posts that contains links to other websites. The authors in
[9] provide a survey of some of the past works on understanding
user behavior for various tasks. Some of the tasks discussed include
the study of behavior of users in Online Social Networks (OSNs)
and its relations to traffic activities, the study of user’s behavior
and their reaction to spam.

An area of research that is closely related to susceptibility is
the concept of persuasion. A lot of research has been conducted
to understand the factor behind a message’s persuasiveness. Var-
ious theories and models have been proposed to explain the role
of contextual factors, such as social judgement [15], elaboration
likelihood model [3], inoculation theory [12], cognitive dissonance
[5], and narrative paradigm [25]. The aspects of a message’s content
that indicate its persuasive power have also been explored, such as
its structure, comprehensibility, and credibility [13].

Different works have been done in studying persuasion in differ-
ent forms. Jaech et. al [8] investigated how languages affects the
reaction of members of a community. A support vector machine
(SVM) model was trained using different features to predict the rank
order of a list of comments. Some of the features used included the
similarity of a comment to the original post, word count and usage
of urls. It was observed that the usage of language features can
improve the comment ranking task in different subreddits. Authors
in [10, 20, 27] found that certain linguistic properties of comments
are indicative of the persuasion power of a text.

Some of the identified features from these studies overlap. For
example, all three studies suggest that the sentiment level of per-
suasive comments (i.e., emotional tone) is lower than that of non-
persuasive comments. [10] and [27] found that persuasive com-
ments tend to use more punctuation marks including periods, com-
mas, colons, dashes, and apostrophes, but less on question marks.

There are also features that show contradicting indications across
the studies. [27] found that non-persuasive comments tend to be
longer and use words that have six letters or very slightly more, con-
tradicting the results from [10]. While persuasive comments used
fewer parentheses in [27], they used more in [10]. Also, while per-
suasive comments had less cognitive processing in [10, 27] showed
the opposite. [27] offered explanations of the observed discrepan-
cies and speculated that these are due to the two different discussion

contexts in the two studies, namely, the Reddit “changemyview”
discussions vs. Wikipedia’s Article for Deletion discussions.

Besides these surface level linguistic features, prior studies also
discovered that the structure of the comment helps characterize
the persuasion power of the text. For example, the authors in [30]
showed that argumentation based features such as the number of
connectives in a comment are indicative of persuasiveness at early
part of a conversation. And Tan et. al [20] observed that there are
different features that can characterize persuasive argument. For
instance, it was observed that users that enter a conversation very
early are more likely to succeed in a persuasive argument.

There are few works that studied susceptibility of users. [23]
investigated various features that are indicative of a Twitter user’s
susceptibility to tweets from social bots, such as network features,
linguistic features and behavioral features. The authors observed
that susceptible users interact more with other users, they tend to be
more open and demonstrates more affection than non-susceptible
users. With a similar goal of identifying users that are susceptible
to social bots on Twitter, [24] examined features that are indicative
of how susceptible users are to social bots. Authors observed that a
Twitter user’s Klout score, friends count, and follower count were
the top predictors of the susceptibility of a Twitter user to social
bots. Klout score is a metric that determines an individual’s overall
social influence computed using multiple social networking profiles.
A fairly recent work by Williams et. al [26] provides a review on
the individual differences and contextual factors that are capable
of affecting susceptibility. Authors discuss how different features
could have varying impact on different users. For instance, individ-
uals high in self-awareness consider their personal knowledge to a
higher degree than others making them less susceptible in some
instances. However, self-awareness can make people more suscep-
tible in cases where authors make persuasive charity messages and
a user considers herself similar to the author of the post.

Even though our work has the same goal as works done in
understanding indicative attributes of susceptibility, our work is
unique in that it explores the susceptibility of authors to other users
in a conversation.

3 METHODOLOGY
Our main goal is to explore features that are indicative of the sus-
ceptibility of users. We use the changemyview subreddit for this
study.

3.1 Data and Preprocessing
The changemyview subreddit provides a means for individual users
to make posts in order to be persuaded into an opinion change by
other users on the forum. The author of a post on changemyview is
referred to as anOP (original poster).When a usermakes a comment
that successfully changes an OP’s initial opinion, the OP replies to
the user with an explanation on why the view changed, and grants
that user a so-called delta point. There are three main ways of
indicating a delta point: ∆, !delta, &#8710;. The changemyview
subreddit allows users other than the OP to grant delta points if
their opinions are changed, but this is rare. The forum specifies
rules governing the issuing of delta and how users interact on the
platform. In particular, an automated checking bot called deltabot
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ensures that a delta issued for a comment meets the following
specifications [1]:

• the delta is not issued from users to themselves;
• an issued delta is accompanied with an explanation with at
least 50 characters of text;

• the delta is not in response to the OP or the deltabot;
• the delta is not in a quote; and
• a delta has not been issued by that same user to the comment
already;

The data used for this project was extracted from conversations
made between January 2014 and December 2016. After excluding
submissions with no text and/or no comments, a total of 212,404
submissions remained from 13812 unique OPs. We only consid-
ered submissions by those OPs that made at least two submissions,
leaving 2,821 OPs that made a total of 10,549. We assume that OPs
that made exactly one submission may not yet have a full grasp of
how the forum works, and so may not understand the delta point
system.

We categorize a submission as one on which the OP had a change
of opinion only when a delta is issued by the OP of that submission
and has been confirmed by the deltabot. Considering the deltabot’s
confirmation is necessary in that it prevents issuing a delta point
without any justification. We ignore delta points issued by users
other than the OP because they are not authors of the submis-
sion and we could not establish their position before their mind
was changed. We consider two groups of OPs: susceptible and
non-susceptible OPs. A susceptible OP is one that changed her
mind on all submissions that she made, and a non-susceptible OP
is one that never changed her mind on any of the submissions
made. Even though the majority of OPs fall in the middle group
of sometimes changing and sometimes not changing their minds,
we choose to exclude such OPs. We make this decision because we
believe that by studying the extreme groups, we will gain better
insight into the factors behind susceptibility. 220 OPs were catego-
rized as susceptible and 1,222 OPs as non-susceptible. A total of 474
submissions were made by susceptible OPs while 2,917 submissions
were made by non-susceptible OPs.

3.2 Feature Identification
After identifying appropriate data, the next task is to identify the
features indicative of how likely it is for an OP to have a change
of mind. As discussed earlier, we consider three possible sources
of features: The prior position of the author, interactions between
OPs and their challenger, and the language use in an OP’s post.

3.2.1 Language Usage by an author. Procedure: To study the
language usage of an OP, we perform LIWC analysis on the submis-
sions. LIWC has 93 features corresponding to different language
dimensions. Some of these dimensions are pronouns, authenticity,
verbs, positive emotions, negative emotions, etc. Previous work[23]
investigated how susceptible users were to social bots. This work
suggested that there are some linguistic properties that can charac-
terize how susceptible humans were to social bots. We believe in
studying how susceptible humans are to other humans, there will
also be some linguistic properties that can characterize their sus-
ceptibility. We use the Linguistic Inquiry and Word Count (LIWC)
tool to identify linguistic features that characterizes susceptible

users. LIWC uses a word counting strategy to assign a score to a
submission in different dimensions. We apply LIWC to submissions
from susceptible and non-susceptible OPs. For comparison of sub-
missions from the two groups on the different LIWC categories,
we perform a non-parametric test of significance (Mann-Whitney
Test). We selected a non-parametric test based on a kurtosis test.
Results and Discussion: The LIWC categories that showed sig-
nificant differences (α = 0.0005) are shown in Table 1. We use an
initial α level of 0.05, which corresponds to a Bonferroni α of 0.005
after correction. The LIWC results indicate that users that changed
their opinion generally use more punctuation relative to users that
never changed their mind. We believe the use of punctuation in an
individual’s piece of writing makes that piece easier and clearer to
understand. For example, consider the two sentences below:

S1: Let’s eat John.

S2: Let’s eat, John.

Even though the two sentences have the same words, the one
with punctuation (S1) is clearer to understand than that of S2. Us-
ing more punctuation is therefore likely to make an OP’s opinion
more clearer to understand. If users clearly understand the opinion
of an OP, then one of these might succeed in changing the OP’s
opinion and hence a possible reason why susceptible OPs use a lot
of punctuation.

The authors in [16] posited that a user that is excited about a
concept is likely to attract other users to that concept, and used
exclamation mark usage as a means of measuring enthusiasm. It is
therefore reasonable to argue that OPs that use more exclamation
marks have a higher tendency to attract more users to their con-
versation. By attracting more commenters, the OP is likely to get
diverse opinions from different users within which one might be
successful in changing the OP’s opinion.

According to [14], the analytic category in LIWC measures the
degree to which one uses words suggesting a higher level of formal,
logical, and hierarchical thinking. In [14], the authors used analyt-
ical thinking as a feature in characterizing suicidal Twitter posts.
Submissions from an OP with higher analytical thinking might be
difficult for other users to actually understand the OP’s opinion to
even attempt to change that. Also, even if lots of users attempt to
change the opinion of an OP, only few of them might really under-
stand what the OP really means, and a lot of effort will be required
for OPs with such level of thinking to give in during a discussion.
This could be a possible reason why users that displayed higher
forms of thinking never changed their mind on any submission.

The “I" category of LIWC captures one’s usage of first-person
singular pronouns. The usage of many first-person singular pro-
nouns indicates the drawing of attention to one’s self. Our results
indicate that users that used more first-person singular pronouns
were more likely to change their opinion. This corroborates a pre-
vious finding in [20] that suggested that that people who use a lot
of such pronouns are likely to be influenced during a discussion.

3.2.2 Prior Position of an Author. Procedure:We estimate an
OP’s prior position on submission by examining an OP’s confidence
on a subject. We explore the confidence of an author by examining
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Table 1: LIWC categories that showed significant differences
between the two groups of users(users that changed their
mind all the time and users that never changed their mind)

susc non-susc
Allpunc ++ –
Exclam ++ –
Colon ++ –
Comma ++ –
SemiC ++ –
WC ++ –
Insight ++ –
Verb ++ –
Pronoun ++ –
I ++ –
Personal pronoun – ++
Nonfluency – ++
Analytic – ++

the usage of hedge words (hedges) and booster words (boosters).
Hedges refer to words that make issues difficult to understand
[6, 11]. According to [22], people that are uncertain tend to use lots
of such words. Boosters on the other hand refer to words used to
express conviction and an indication of confidence in an asserted
proposition. With hedges and boosters, we count the number of
hedges and boosters used in an OP’s submission. The hedges and
boosters used in the experiment was provided by [7].
Results and Discussion: Figure 2 shows a box plot of the usage
of hedge words and booster words by OPs. We observe that, on
average, OPs that changed their mind use hedges more than those
that never changed their mind. This observation is reasonable in
that if an OP is uncertain with her opinion, then compared with
an OP who is certain, the one with less certainty is more likely to
change her opinion. This corroborates findings in [22]. For boosters,
the expectation was that the confidence expressed by an OP could
possibly deter other users from attempting to change the OP’s
opinion and hence succumbing to the view of the OP. However,
that was not observed in the experiment. The insignificance in
the usage of boosters among the two groups could be that OPs
generally do not reveal how confident they are on a subject matter
in their submission.

3.2.3 OPs interactions with other users.
Procedure: The authors in [20] showed that the interactions

among users during a conversation in online social media is a sig-
nificant source of information in identifying users that can succeed
in successfully persuading other users. In [28], the authors find that
debaters who follow up on points brought up by their opponents
have higher chance of winning. These results suggest that the inter-
action dynamics of a conversation between the author of a post and
other challengers could be a useful source of information in segre-
gating susceptible and non-susceptible OPs. We considered three
features as a way of capturing the interaction dynamics between an
OP and other users: the number of unique users an OP engages in a
back and forth with, the frequency of an OP’s response, and when
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Figure 1: Box plot of the usage of hedge words. OPs that
changed their mind all the time (susc) used more hedge
words that never change their mind (non-susc) from the sig-
nificance testing.
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Figure 2: Box plot of the usage of booster words. There is no
observed significant difference in the usage of boosterwords
between OPs that changed their mind all the time (susc) and
OPs that never changed (non-susc)
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OP

Figure 3: Illustration of the interaction network of an OP
and users attempting to change OP’s opinion.

during a conversation are OPs active. Figure 3 shows a toy graph
with the OP represented with a square and challengers as circles.
Back and forth is defined as the OP replying back to a user that
made a comment on the OP’s submission, and the frequency of an
OP’s response is defined as the number of times the OP commented
on another user’s comment excluding delta replies. OPs are said
to be active when they respond or comment on a user’s post. The
duration for conversation considered is the period between the
first and last comment received by an OP after a submission was
made. The duration for each conversation is partition into three
parts: the early part of the conversation, the middle part of the
conversation and the latter part of the conversation. For each part
of the conversation, number of times an OP responded to other
users is computed.
Results and Discussion: From our experiments, we observed that
users that never changed their mind engage in more back and forth
with their audience than users that changed their mind all the time
(p = 0.0004). Among all the users that have made a comment on
a submission made by an OP, if the OP engages in back and forth
with just one of these users, then it could be argued that the back
and forth can provide clarity to the opinion of the OP and hence
the likelihood of OPs changing their initial opinion. However, if
an OP engages in back and forth with one user and never changes
the mind but instead engages several other users in such back and
forth, such OPs are then less likely to change their opinion because
they might be so firm in their opinion hence the reason why even
when people try explaining their points, they never give in.

Also, we observed that OPs that changed their mind most of the
time frequently interacted with others more than OP’s that never
changed their mind (p = 0.004). If an OP responds or comments on
another user’s post, then either the OP is seeking some clarification
on the opinion of the user or simply disagrees with that opinion
and is attempting to explain the reasons for her disagreement. For
either case, it is reasonable to say that the OP is somewhat paying
attention to the user’s opinion. An OP who is indifferent to many
users in a conversation is therefore less likely to change the view
in comparison to one that is paying attention to the views of others.
This is because if an OP pays attention to several other users, there
is a higher chance that one of the users might make a point which
could change the OP’s initial opinion.
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Figure 4: The number of interactions OPs made with other
users at different parts of the conversation. Susceptible OPs
engage with challengers more at the early part of the con-
versation

Figure 4 shows the number of responses made by OPs at different
parts of the conversation. We observed that even though all OPs
generally decrease their interactions with other users towards the
end of a conversation, users that changed their mind all the time
interact more with other users at the early and middle part of the
conversation. Previous work [20] had suggested that users that
enter a conversation late after the submission has been posted is
less likely to succeed in changing an OP’s opinion in comparison
to users that enter early. This suggests that OPs that are susceptible
are likely to be active at the early part of the conversation. If an OP
is susceptible, then after having an opinion change, the OP might
not be as active as she was before since there is an opinion change.

4 CONCLUSION
In this work, we investigated features that are useful in segregating
susceptible and non-susceptible OPs on reddit’s changemyview. We
explored three main sources of information in characterizing users
on this forum (1) the OP of a post (2) prior stance of the OP before
seeking an opinion change and (3) the interactions between OPs
and their challengers. For the prior stance of an OP, we explored
how much confidence is expressed by an OP in a submission. In
measuring confidence, we used an OP’s hedge/booster words usage
as a way of characterizing the confidence. For interactions between
an OP and their challengers, we explored the number of unique
users the OP engages with back and forth, the number of responses
made by an OPs and their challengers and which part of a conver-
sation are OPs active. We performed LIWC analysis as a means of
understanding an OP’s language usage in a post.

Experimental results showed that OPs who never changed their
mind are more analytical in thinking when writing than suscep-
tible OPs. Also, susceptible OPs use more hedge words than non-
susceptible users. This means OPs who changed their mind most
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of time have more uncertainty in their submissions than non-
susceptible users. On an OP’s interaction with other users, sus-
ceptible users tend to interact with their challengers more at the
early part and middle part of the conversation.

Our goal is to discover the differences between susceptible and
non-susceptible users in their digital traces. Subsequently, our com-
parison of their submissions is intended to discover the differences
in language use between these two groups of users. On the other
hand, the grouping of these submissions can also be interpreted as
merely by whether or not OPs changed the original view. This im-
plies that the differences we observed could be interpreted as merely
the differences between the two types of submissions, not the two
types of users. We will collect the users’ other Reddit comments in
the next comparison to address this confounding issue.

Our observations are also likely specific to Reddit’s Change-
MyView context. In our future work, to be able to make a general
conclusion about an OP on Reddit as whole, we will collect the
users’ other Reddit post/comments. If similar observation is made
with a user’s comments on Reddit, then we could generalize the
susceptibility of the users to their presence on Reddit as a whole.
Also, for us conclude that an OP that is susceptible on Reddit based
on these observed differences is susceptible in general, we will be
investigating the users on different platforms other than Reddit.
Presently, we do not explore the relationships between different
topics and the susceptibility of users on changemyview. As a fu-
ture work, we will also be investigating the roles that topics play
in changing one’s opinion. Additionally, we will investigate the
factors that causes some OPs to sometimes change or not to change
their minds.
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