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Executive Summary

This document describes context of intereactions in social networks and its analysis, with an
emphasis on its use for Emotion Recognition tasks. We present the architecture of a social context
module for this project and its implementation. This implementation includes state-of-the-art
metrics of social context aspects, such as influence, which are detailed in the document. We also
describe a preliminary experiment with real data captured from Twitter that illustrates the
extraction of temporal patterns of emotions in social media. Lastly, we touch on the main
challenges to solved in the upcoming months, which will lead to the final version of this
deliverable (D4.10).
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1 Introduction

Information shared in social networks is not isolated. The meaning of a particular piece of content
(e.g. a Tweet, a Facebook status or a blog post) may only be understood when its social context is
taken into consideration. In fact, social context has an effect on the behaviour of users in social
networks. The behavioral change of a person because of the perceived relationship with other
people, organizations and society in general is known as social influence [Sun & Tang 2011]. The
strength of social influence depends on many factors such as the strength of relationships between
people in the networks, the users of the network or temporal effects. Many applications are based
on the social influence phenomenon [Sun & Tang, 2011], such as marketing, advertisement or
expert recommendation. Some applications, like viral marketing, aims at influence maximisation.

In contemporary research and industrial practice, most emotion and sentiment analysis systems
try to detect collective emotion of social networks through the analysis of user or content
attributes. Nevertheless, they usually do not consider how social influence affects users emotions
and sentiments. In existing literature, several researchers have studied how social influence can
complement sentiment and emotion analysis. West et al. showed that the assumption of
homophily in networks can improve polarity detection in short texts [West et al. 2014]. One
interesting aspect of the mix of emotion recognition and social network analysis is that the
inherent complexity of emotions could also enable us to create richer models of social behaviour.
For instance, by mapping traditional categories to a Valence, Arousal and Dominance model
[Guerini et al. 2015] we are able to motivate a theory to explain why users in social news have a
predilection for certain types of content.

In the MixedEmotions project, we are interested in the analysis and characterisation of the social
influence phenomenon for its application in several use cases. First, the detection of most relevant
shared contents (e.g. tweets or posts) and users (e.g. influencers) provides a path for micro-
analysis of opinions in brand monitoring and content recommendation scenarios. Second,
emotion propagation patterns can be used for both analysis as well as prediction of expected
social influence of a message. Finally, social features can improve sentiment analysis and
emotion techniques. This can be specially relevant in microblogging based social networks such
as Twitter, where the short length of the content makes the task very complex.

The rest of the document is structured as follows. First, Section 2 presents a social context model
to characterise a social graph and its features. The architecture of a prototype that has been
developed to provide the social context of the network Twitter is detailed in Section 3. Our
experimentation results, described in Section 4, show the detection of sentiment propagation
patterns. Finally, we conclude and describe future work in Section 5.

2 Social context model and features

Social Networks are graphs whose nodes are people and the edges are some kind of relationship
between individuals, e.g. a network of cellphone users and their calls. Despite this loose
definition, this deliverable will focus on users of online social networks and their interactions.
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More specifically, we will use Twitter as the reference social network. All these concepts can be
extrapolated to any other microblogging network, and to Facebook, although some restrictions
apply. However, other examples tend to suffer of lack of widespread adoption or of a more
restrictive interfaces and policies.

There are two main components in social context: users and content. The following subsections
present a series of features of both users and content, which we analyse separately. Note that,
technically, any information from the social network that is not present in the bare textual content
could be considered part of its social context. However, these metrics tend to include richer
aspects from the social network, exploiting the graph of relationships and interactions between
users and content. Some of these aspects, the more general ones, are already provided by the
social network site through its API, such as the number of mentions, favourites or replies. More
specific or intensive metrics need to be computed by third parties. This approach is more flexible
and powerful, but is obviously limited by the request rate and access restrictions imposed by the
social network site.

2.1 User

A user is any entity capable of interacting with other entities in a social network. User
information can be split in three groups: profile information, behavior indicators and information
about the user network.

2.1.1 Profile

e Biography. The contents of the biography of a user can provide very useful when
searching for keywords. It allows us to detect or filter effectively certain topic related
users, increasing the likelihood that these users are more influential or popular in those
topics.

® Account age. It is more likely that an older account has a high level of influence and
popularity, as it has been able to improve and develop its influence and popularity over
time, establishing new relationships and increasing its network. Moreover, recent
accounts may also be popular, but these tend to be isolated cases. It is a secondary metric
and rarely used.

e Number of followers. One of the most common metrics is the number of followers that a
certain user has. This is a good metric to estimate the popularity of the user and the
network of users who will receive their messages. On the other side, a high number of
followers does not always imply high influence, so we may find users with more
followers than others but with less influence.

e Number of friends. In practice, this metric is used less frequently than the number of
followers. it does not provide much information by itself, as it does not require any kind
of acceptance or reciprocity by the other party. However, by combining this metric with
the number of followers, we can know how well interconnected a user is with his
environment.
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213

Associated groups. Social media like Facebook allow the creation of user groups, and
users may choose to join one or more groups. In other media Twitter, this may be a list of
user lists the user has been added to. The difference between both cases would be that in
the former groups are global and users choose their own groups, whereas in the latter
each user has their own lists and chooses who to add to them. In other words, one is an
active selection and the other is a passive one.

Behaviour

Recent activity. In an environment where messages have a very short lifespan, it is very
important to be active and publish often. Knowing the recent activity of a user allows us
to filter active accounts and also adds value to users with a constant activity rate.
Moreover, this measure loses its value in isolation, because, as in the case of the number
of tweets, a very active user does not have to be an influential one.

Number of posts. The number of posts of a user gives us an idea of the level of activity of
this user over time. A large volume of posts makes it more likely that a user stands out,
but it is not always the case. On the other hand, this metric is not indicative of popularity
or influence by itself. Spammers are an example of users with a large number of posts
with little to no impact on the network. For this reason, this feature is usually combined
with those of content, in order to give some weighting factor that compensates for these
effects.

Number of mentions. The number of mentions that a user has is usually considered to be
a good indicator of popularity and influence, since it involves interaction with the rest of
the users. Users with a large number of mentions tend to be very popular and influential
in their network. On the other hand, a user who does not have a large number of mentions
is not necessary a low influential one, which means this metric only adds positive value
to the influence of a user.

Number of shares. The number of shares a user receives is a good indication of his
popularity and influence. A high number of shares implies that the followers of the user
usually find interesting or important the content published by the user, which makes him
more influential in the network. Besides indicating a high degree of influence, this metric
also has a high correlation with other metrics such as the number of followers, the
number of mentions or generated traffic.

Network

Several attributes of the social network of a user can be used as an indicator of their influence or

impact: betweenness, connectedness, in/out-degree, etc. The network can be constructed in

different ways as well, using either user-to-user or user-to-content interactions. Two examples

would be using follower/friend relationships and using the comments network. It is common to

combine the metrics above with metrics of the content generated by users and their closest

network.
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2.2 Content

Social media are interesting due to the content being shared between users, which forms the
majority of the interactions. There are different types of content (e.g. tweets or status in
facebook). Instead of focusing on a particular type, this section provides a high-level description.

2.2.1 Attributes

Content attributes are data associated with the content being shared. Some of the most relevant
attributes are:

e Creator. The same content shared by different people has a very different impact on the
network. Oftentimes, the audience only depends on the original creator, their network of
followers. These factors greatly affect user reactions.

e Keywords. Keywords can be used to group different topics together, and to extract
concepts and entities from text. Unfortunately, content does not always directly use
keywords.

e Emotion/sentiment. The emotion or sentiment expressed in content can affect other
people's reactions. And, as we will see later on, it can reveal other interesting aspects of
content and help in prediction.

e Creation time. Content is ephemeral, its value or potential rapidly degrades with time. In
other cases, such as social news, the content is tied to specific real life events or contexts.

e Topics. As with keywords, topics are very useful to group content. Moreover, it is a
crucial part for emotion recognition, which is domain dependent.

e Media. Textual content may also have multimedia attached. For instance, a Tweet with a
picture.

e External links.

2.2.2 Propagation

This kind of information characterises how content is shared and received by other users. Most of
these features are dynamic, and we can analyse both the value at a specific point in time or the
evolution of this value. Some examples would be: time to achieve a certain amount of reshares,
editions to the content over time or evolution of favourites over time.

e Number of reshares. Like in the case of a user, a tweet with a large number of reshares
has great popularity and indicates that the users that reshared it find it interesting, making
it a good indicator of influence.

e Number of favourites. A high favourite count indicates that a tweet is very popular. On
the other hand, a low favourite count does not imply low popularity. In general, people
prefer to use a reshares to indicate interest in a tweet, rather than favourite. It is a
secondary metric and it can be replaced by the number of reshares in most cases.
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e Number of replies. Also known as comments in some networks, this feature measures
direct reactions from other users. In contrast to favourites and reshares, which have an
inherently positive charge, replies may be negative and include criticism.

e Number of views. In media like Facebook or Youtube, it is possible to determine how
many people have accessed the content. This feature is important when combined with
others, as it is a proxy measure of neutral reactions.

2.2.3 Network

How content is related to other content and users in a social network often offers valuable insights
about the content. The interactions between users and content forms a graph or network that can
be studied. This information can be used to detect social media phenomena, such as cascades or
memes. These are some of the relationships that can be used, alone or in combination, to form
this network: Creation/Modification/Deletion (User — Content); Reshare/Favourite/View (User
— Content); and Mention/Reply (Content—Content).

3 Social Context Analysis Module

The Social Context Analysis Module merges the non-contextual annotation of content and the
context associated with it under a common tool, allowing a combined analysis.

The module consists of four components as shown in Figure 1: 1) a crawler/scraper that gathers
information from social networks and stores it in a graph database; 2) a component that annotates
the content stored in the database with emotion, using the textual emotion analysis modules
defined in the MixedEmotions platform; 3) a processing component that computes metrics and
features from the information in the database; and 4) a REST API to configure the crawler and to
get results from the processing component.

The module is Open Source. The source code can be found on Github:
http://github.com/mixedemotions/scaner.

3.1 Crawler
The crawler in this module connects to social networks and collects information through their
APIs. The crawling parameters can be configured through the API, which will be explained later.

As of this writing, the crawler has access to Twitter through two mechanisms:

e Streaming API, which provides a channel for real-time Twitter events. The main type of
event is a Tweet (or Status), of which a retweet is a special case. Tweet events relevant
attributes of the content and its creator, such as the user profile or the number of retweets
at that time. Other types of event are also provided such as tweet deletions or favourites
(of authenticated accounts).

e REST API, for all the information that is not real-time. This includes: user profiles,
follower/friend relationships, tweet search, user lists, etc.

D4.9 Social Context Analysis for Emotion Recognition
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Figure 1: Architecture of the Social Network Analysis module.

3.2 Graph Database

Graph Databases offer a different paradigm from traditional or relational databases and other data
stores. In them, data is modelled and queried as graphs, as opposed to the relational
database+table approach of traditional databases. Graph Databases are specifically engineered to
work with graphs in a very efficient way. This is key when dealing with big datasets, as is the
case of MixedEmotions.

In particular, we have chosen to base our implementation on OrientDB. OrientDB offers a mixed
model between a pure graph database and a document oriented database such as MongoDB.

3.3 Social Context Analysis

This component of the module provides all the methods to extract the social context attributes
described in Section 2, using the data stored in the Graph Database. As of this writing, the
following metrics have been implemented to add to the attributes provided by Twitter API, based
in previous studies [Noro et al 2013][Noro et al 2014]:

o Tweet Rate Score: This metric measures the proportion of tweets related to the topic that
a user posts or retweets. We use the following formula to calculate it:

tlteT At aser id=wu.id
TR(u) = It |

| Total{u)}|

Where t is a tweet posted by the user that is relevant to the topic and Total(u) are the total amount
of tweets posted by the user u during the topic search duration.

e Follow Relation Factor: This metric shows how well a user is interconnected with the rest

of users. In order to calculate it, we create a relation matrix, to build an adjacency matrix.
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Then we multiply this matrix to obtain the score. The formulas used are the following
ones:

1 ity follows u;
Ar(ui, uy) = {[} otherwise

Agfmiti) - s .
B;[rig. rr}-} = Eﬁ-f‘f'iui-uﬁ-‘rlzi]' f't} T U7 if Zk -41[“%- ”k} # 0

il otherwise

. T »
f=Bf
Where |U] is the total amount of users. At the end, the score is normalized.
f(i)
nm..:.'kf[.ﬁ'}

e User Influence Score: This metric measures “how much attention” a user gets from the
rest of the users.

.FR(HE'} =

i = BF?‘. t = Bﬂru
We create three matrices with the relationships between the users and the tweet:
1 if #; is posted/ retweeted bv w;
Aeltiu;) = { 1S / vt

[ otherwise

v 1 if uy retweets/replies to ¢;
Arlu i) = {[] otherwise

We transform them in order to get two relationship matrices:

At r:}-}

Bt;u;) = =——1 1" _
t 2 3o Aelti, )
Ar'.U'.fz'} A:"u._fz.} .
5 .;-(u-.tﬁ-} I:]' - f'r} + 5T Ak*(u-.tﬁ.}f'r' lf Zk -qr[”_;l" ti.-::' ?é []'
Bﬂ[”}'. if'g} = ek T Aaluit) Lap sl EF tl 1
—_— otherwise

Eﬁ- Aﬁl;_uj.fﬁ-}

Now, in order to get the scores, we do the following:

1 1 1 ) fo = ( 1 1 1 |

T
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b= By, u = BT,
E=k+1

The process is repeated until k = 10000
Lastly, the user influence score is normalized.

ul7)

maxrgul k)

{-'_I[{H_.,l,'l =

o User Relevance Score: This metric 1s the combined score of the Tweet Rate Score, the
User Influence Score and the Follow Relation Factor. We use the previously calculated
metrics to obtain the score.

UserRellu) = TR(u)™ = UlNu)™ = FR{u)"f

Where w.,w;and w; are weights for the different metrics.
e Tweet Influence Score: This metric measures the “amount of attention” that a tweet
receives from the users. This metric is calculated along side with the User Influence
Score.

t = B{.jl.u

e User Impact: This metrics measures the ability of a user to improve the relevance of a
tweet depending on their influence. To calculate it we use the following formula:
LT} Lidia) :
——— % (1 —d) + = xd 1if |Relate(u)| =0
I””mf.f-[”} — | Relate|w}|4m; S [T

T otherwise

Where Ul(u) is the user influence of user u, Relate(u) is the set of tweets that user u has
retweeted or replied to, and 7 is the set of all tweets in the search.

e User Voice: This metrics measures the ability of a user to posts or retweets influential
tweets.

1
b TI(t
m“,_rr} |T|’I'i'i'i+|_r”:||+ T, Z | )

" teTweet [

Voicep(u) = : Z TI(t)

| Retweet (u o
| i cet IJI'| + o te Aetwect|wu)

Where Tweet(u) is the set of all tweets posted by user u and Retweet(u) is the set of all
tweets that the user u has retweeted. @ is an smoothing factor.

e Tweet Relevance Score: This metric shows the relevancy of a tweet based on the “voice”
of the original user and the impact of the users that have posted, retweeted or replied to
this tweet. We use the following formula:
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TweetRellt) =a x VR(t) + (1 —a) x TR(t)
VR(t) = Vaicelt.user))

TR(t) = Z In:prat-#[u}

we Felated(t)

Where a is a weight factor.

® Openlnfluence: This metric show the relevance of a user based on his popularity (number
of followers and mentions he receives) and his influence, which is calculated using the
number of tweets the user posts per week, the number of retweets that his tweets receives
per week and the amount o users that receive or watch his content.

r=logyl f +my,) +log,((f *t,]) + (ar*ry))

Where f are the followers of the user, m,, are the mentions per week of the user, ¢, are the
tweets posted per week, ar is the retweet audience and 7, are the retweets per week.

3.4 REST API

The REST API is the interface between users and the system. It provides methods to control the
crawling parameters and the metrics that are being applied to that data. It also exposes the results
of the analysis.

4 Experimentation

In parallel with the definition of the pilots in the MixedEmotions project, we started the definition
of set of experiments in order to validate the architecture and social models used in the project.

Our first experiment aims to measure the impact of emotions in the spread of news on social
media. We set out to answer the question “does the emotion of a Tweet affect how it
propagates?”. It is motivated by recent studies that show that negative and positive information
spreads differently [Park et al 2012], and others that have unveiled distinctive patterns of
propagation in online media [ Yang et al. 2011].

The experiment focuses on social news. Social News is a particular type of social media that is
limited to news and events. This content is usually posted by accounts that are associated with a
traditional or online news media, and it is linked to an extended version of the article. For
instance, the Twitter account of Deutsche Welle (@dwnews) tweets about every new post on their
website.

To collect the dataset, we compiled a list of influential social news accounts. The final list
includes a total of 40 Twitter accounts such as The Guardian (“@guardian”) and The New York
Times (@nytimes). We used the Streaming API to track their activity between 17 March until 20
April 2015. This activity includes tweets, retweets and mentions, which we had to process for the
analysis. In total, we collected 329,505 original tweets and 19,383,04 retweets by 756,218 users.
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Page 13 of 16



Q MixedEmotions H2020-
644632

N NONE

Figure 2: Evolution of number of favourites of the most important tweets
since their creation. Below, the same evolution, normalised. Spikes are due
to favourite count being sampled when there is a retweet.

we performed sentiment and emotion analysis of the most popular tweets, as measured by the
sum of retweets and favourite count.

The core of the experiment consists on comparing the temporal evolution of retweets and
favourite count of the selected social news tweets. Thus, the first part was to calculate basic
parameters of that temporal evolution to compare different tweets. For every tweet, we got the
maximum number of retweets, maximum number of favourites, and the time since the creation of
the tweet that it took to reach 25, 50, 75 and 90% of those maximums.

Our preliminary findings are that we have been able to detect sentiment propagation patterns but
emotion propagation evolution has not achieved yet conclusive results. This may be due to the
fact that the results of the emotion analysis are very poor, which can be observed by manual
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inspection of the data. This hints that the corpora available for emotion annotation in this domain
are not enough to get an analysis subtle enough to detect emotions from social news, and new
resources would be needed in order to find patterns for different emotions. Nevertheless, when
using polarity and subjectivity detection services, we were able to notice notable differences
between positive and negative content, both in audience reached and temporal evolution. On
average, it took negative tweets half the time to reach twice the retweet count of the positive ones.
The visual representation can be seen This confirms previous research [Rozin et al 2014] and the
results obtained in similar studies on Facebook [Kramer et al 2014]. A visual representation of the
evolution of the most popular tweets can be seen in the figures below.

Additionally to these tweets, we have gathered follower/friend relationships. Given the size of the
network, we selected those users that retweeted 100 or more times, which results in a list of the
925 top retweeters. From those users, we collected their followers, a total of 7,730,067 follower-
followed links. This is the network of users that were potentially exposed to the original retweets.
The results are currently being used to test the Social Analysis Module with real world data.

5 Conclusions and future work

There is valuable information hidden in the interactions between users in social networks that has
the potential to improve emotion recognition in certain scenarios. This information ranges from
the simpler features provided by the social network sites themselves, to the more elaborate social
network analysis metrics. This is a field that is slowly starting to get attention, mostly in the more
constraint domain of polarity detection. MixedEmotions can help foster the use of these hybrid
techniques by showing the technology in its pilots. The creation of a module to encompass and
facilitate the social network analysis is a step forward in that direction.

However, if we aim to discover the best social features for emotion recognition, we need to refine
our current services to get finer results. For that, we need to start making use of the simpler social
features, and also create more quality resources for emotion recognition. Our preliminary results
with the test corpora support that view. Then, we will be in a position to create better models of
user behaviour, which we could use to improve the annotation of their content. This will be the
aim of the final version deliverable for this task.
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