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Abstract This chapter analyzes patterns in messages posted to several Internet

discussion forums from the perspective of the sentiment expressed in them and the

collective character of observed emotions. A large set of records describing com-

ments expressed in diverse cyber communities—blogs, forums, IRC channels, and

the Digg community—was collected, and sentiment classifiers were used to esti-

mate the emotional valence (positive, negative, or neutral) of each message. A

comparison with simple models showed that the data included clusters of comments

with the same emotional valence that were much longer than similar clusters

created by a random process. This shows that there are emotional interactions

between participants so that future posts tend to have the same valence as previous

posts. Threads starting from a larger number of negative comments also last longer

so negative emotions can be treated as a kind of discussion fuel; when the fuel

(negativity) is used up in the discussion, it may finish. Moreover, the amount of user

activity in a particular thread correlates positively with the presence of negative

emotions expressed by the individual user in the thread. In summary, the analyses

describe individual and collective patterns of emotional activities of Web forum

users and suggest that negativity is needed to fuel important discussions.
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1 Introduction

The notion of collective action is usually associated with the responses of group

members taken in order to maintain or improve the group’s conditions (Wright

et al. 1990). Research in this area frequently touches on the issue of prediction of

the internal conditions that have to be fulfilled in order for the action to be

undertaken [e.g., moral convictions (van Zomeren et al. 2012), injustice, efficacy,

identity (van Zomeren et al. 2008)]. However, it seems that there is also a key

component—emotions—that can play a pivotal role as an inhibitor of collective

action, both directly (Stürner and Simon 2004) and indirectly (Taylor 1995).

Moreover, the affective component can lead to the emergence or suppression of

collective behavior (Sabucedo et al. 2011).

The Internet can be treated as a system of human behavior in which social

dynamics are evident and measurable (Onnela and Reed-Tsochas 2010; Barabási

2005; Huberman et al. 1998; Sobkowicz and Sobkowicz 2010; Mitrović et al. 2010;

Szell et al. 2010; Castellano et al. 2009; Kujawski et al. 2007; Chmiel et al. 2009).

Communication in this medium displays different activity patterns compared to

traditional communication (Radicchi 2009). People increasingly spend time using

sites like MySpace, Facebook, Twitter, and blogs, and hence e-communities

(Walther and Parks 2002) have become widespread and important. It is also obvious

that collective actions take place in the Internet (Postmes and Brunsting 2002)—

this medium can serve as both creator and transmitter of this notion [as in the case

of Spanish “15M movement” (Borge-Holthoefer et al. 2012)]. The analysis of

emotional interactions in e-communities is crucial for obtaining a comprehensive

insight into social relations. In this study, we focus on collective emotional behav-

ior, modeling its emergence, and the conditions that are necessary for it to happen.

Although emotions are typically expressed using a variety of nonlinguistic

mechanisms—such as laughing, smiling, vocal intonation, and facial expres-

sion—textual communication can be just as rich and can be augmented by expres-

sive textual methods—such as emoticons and slang (Gamon et al. 2005). Taking

advantage of this, sentiment analysis, a research field in computational linguistics

and computer science, has evolved rapidly in the last 10 years in response to a

growing recognition of the importance of emotions in business and the increasing

availability of masses of text in the social Web. The development of a number of

algorithms to detect positive and negative sentiment has also made large-scale

online text sentiment research possible, such as predicting elections by analyzing

sentiment in Twitter (Tumasjan et al. 2010) and diagnosing trends for happiness in

society via blogs (Dodds and Danforth 2010) and Facebook status updates (Pang

and Lee 2008).

In this chapter, we discuss the impact of emotional expressions of Internet users

on the vitality of online debates. We focus on (1) measuring the transfer of emotions

between participants, (2) the influence of emotions on a thread’s life span, and

(3) the relationship between user behaviors and the emotionality of a discussion.

We especially focus on manifestations of collective emotional behavior in

Sect. 3 while comparing emotional distributions with random equivalents. Section 4
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touches on another interesting aspect of emotionally driven online discussions—the

conditions that have to be fulfilled in order for a discussion to be fruitful (measured

in the number of utterances). Finally, the BBC Forum analysis in Sect. 5 investi-

gates the sentiments expressed by individual users within discussions at both global

and local levels.

2 Data

We collected over six million comments from four prominent different interactive

spaces: blogs, BBC discussion forums, popular social news Web site Digg, and

#ubuntu IRC discussion channel. The texts were processed using sentiment analysis

classifiers to predict their emotional valence (see Sect. 2.2), which according to a

converging evidence is at the center of emotion experience and is considered one of

the most important determinates of behavior from simple life-forms to humans

(Lang and Davis 2006).

2.1 Datasets

The British Broadcasting Corporation (BBC)1 (Chmiel et al. 2011a) Web site has a

number of publicly open Message Boards covering a wide variety of topics that

allow registered users to start their own discussions and post comments on existing

discussions. Comments are postmoderated and anything that breaks the House

Rules is subject to deletion. Our data included discussions posted on the Religion

and Ethics and World/UK News message boards starting from the launch of the

Web site (July 2005 and June 2005 respectively) until the beginning of the crawl

(June 2009)—these were found to have interesting emotional content. The dataset

comprises 100,000 discussions, 2.5 million comments and 18,000 users.

The Blogs dataset is a subset of the Blogs06 (Macdonald and Ounis 2006;

Weroński et al. 2012) collection, which is an uncompressed 148 GB crawl of

approximately 100,000 different blogs (more than three million Web pages) and

spans 11 weeks, from 6 December 2005 to 21 February 2006. The subset was

created by manually removing the HTML of the Blogs06 collection and keeping

only the actual content (i.e., posts and comments). Only posts attracting more than

100 comments were extracted, as these seemed to initialize nontrivial discussions.

The Digg dataset comprises a full crawl of digg.com, one of the most popular

social news Web sites. The analysis spans February to April 2009 and consists of

all the stories, comments, and users that contributed to the site during this period.

1 http://www.bbc.co.uk
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The resulting dataset contains approximately 1.9 million stories, 1.6 million com-

ments, and 800,000 users (Paltoglou et al. 2010; Pohorecki et al. 2013).

The Internet Relay Chat (IRC) is a medium that allows maintaining real-time

multiuser discussions. The presented dataset contains information from the logs of

#ubuntu discussion channels dating between 1 January 2007 and 31 December

2009. Data were preprocessed and transformed into a structure of over 90,000 one-

to-one dialogues with almost 1.9 million comments (Sienkiewicz et al. 2013).

2.2 Algorithms

Sentiment analysis algorithms typically operate in three stages: (a) separate objec-

tive from subjective texts, (b) predict the polarity of the subjective texts, and

(c) detect the sentiment target (Paltoglou et al. 2010). A variety of methods are

used, including machine learning based upon the words used in each text, summa-

rized in vector form (Riloff et al. 2006), and lexical approaches that start with a

dictionary of known sentiment-bearing terms and apply linguistically derived

heuristics to predict polarity from their occurrence and contexts (Wilson

et al. 2009). One ongoing problem, however, is domain transfer—algorithms

need to be tailored for each type of text that they are applied to because words

tend to have different meanings in different contexts. In consequence, large sets of

human-annotated data are needed to train and evaluate systems for each new

application domain.

The algorithm that we used to detect and characterize the emotional content of

posts is based on standard, supervised machine-learning principles (Sebastiani

2002). During a training phase, a corpus of documents is provided to the algorithm,

i.e., a set of documents each one belonging to a specific category. The category of

each document was determined during a preceding corpus development process by
human experts who read its content andmanually classified it. The algorithm extracts

the characteristics of each class by analyzing the provided documents, i.e., “learns by

example,” and stores this knowledge. Subsequently, during the application/testing
phase, the algorithm applies the acquired knowledge to new, unseen documents and

determines the best category under which they can be classified.

In this study, we implemented a hierarchical extension of a standard Language

Model classifier (Sebastiani 2002) (abbreviated as h-LM). LM classifiers are a

typical example of probabilistic classifiers, which estimate the probability that a

document belongs to all of the available classes and select the one with the highest

probability as the final prediction. In our hierarchical extension, a document is

initially classified by the algorithm as objective or subjective, and in the latter case a

second-stage classification determines its polarity, either positive or negative.

We used a manually annotated subset of Blogs06 dataset as training corpus.
Human assessors examined approximately 34,000 documents for whether they

contain factual information or positive/negative opinions about specific entities,

such as people, companies, and films, and assigned a category to each document.
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Because the distribution of documents per category is uneven in the specific corpus,

the probability thresholds for both classification tasks were optimized on a small

subset of humanly annotated BBC comments. The optimized classifier has an

average F1-value of 66.68 % on the subjectivity detection task and 60.93 % on

the polarity detection task on a humanly annotated BBC subset.

3 Cluster Distribution

To detect affective interactions between discussion participants, we calculated

statistics for groups of comments with similar emotion levels. Each thread was

transformed into a chain structure even if the the original structure was tree-like

structure was present (see Fig. 1). The four datasets on which sentiment analysis

was performed are characterized by different structures. In the case of Blogs and

IRC dialogues, all posts were originally arranged in chains of successive comments,

as shown in Fig. 1b. In other words, new posts are automatically added after the last

post. On the other hand, the BBC and Digg data are arranged in a forum-like

structure (see Fig. 1a), meaning that each user may make a comment to any

previous post, thus starting a separate discussion. However, for the purpose of

this study, each discussion (thread) in each dataset was arranged chronologically, as

in Fig. 1b. In this way, it was possible to compare these different communities.

Although BBC and Digg have a forum-like structure, the default view as presented

to the user was chronological. Thus, a chronological simplification for analysis can

be justified.

We define an emotional cluster of size n as a chain of n consecutive messages

with the same sentiment orientation, i.e., negative, positive, or neutral, where

before the cluster and after it there is message with the valence different from the

cluster valence (see upper row of Fig. 2) (Chmiel et al. 2011b). For the purpose of

comparison, we show also the shuffled data obtained from the same discussion (see

bottom row of Fig. 2), which display clearly shorter clusters than those in the

original data. A possible explanation of the observed fact could be the emotional

interactions between the participants of the discussion in the original data.

In order to test this hypothesis, we checked the complementary cumulative

distribution function (CCDF) P(e)(�n) that describes the frequency of clusters of

size greater than or equal to n for the cases of negative, positive, and neutral

emotions, e¼ {�1,0,1}. The results are presented as symbols in Fig. 3. For com-

parison, the corresponding CCDF from the independent and identically distributed

(i.i.d.) random process

P
eð Þ
iid � nð Þ ¼ p eð Þn�1 ð1Þ

(dotted lines) is also plotted, where p(e) is the probability of negative, positive,

or neutral emotion (see Table 1). The i.i.d. random process (Feller 1968) is an effect

Collective Emotions Online 63



of the simplest stochastic process where there is no statistical dependence between

events at consecutive time-steps, and at every time-step the event probability

distribution is the same. The fit diverges for large n, which means that in the data

collected the probability of long clusters of the same emotional valence is large

Fig. 2 An example of a discussion in the “Eastern religion” BBC Forum. The original thread that

consists of 22 posts is shown in the upper row. Each box represents one post. Red, blue, or black
boxes indicate that the comment was classified as, respectively, positive, negative, or neutral

(objective). The bottom row presents shuffled data, i.e., the comments were arranged in a random

order

Fig. 1 The difference between the actual tree structure (a) present in the BBC and Digg datasets

as compared to the chronological layout of the posts (b), e.g., originally present in Blogs and IRC.

The numbers indicate the order of messages (1 being the first, 10 being the last) while arrows
indicate that a post was given in reply to another one (e.g., post 9 is the response to post 7)
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compared to the probability expected for mutually independent messages. It fol-

lows that there is a tendency for emotions of the same valence to cluster together,

suggesting that there may be attractive affective forces between discussion partici-

pants—posts tend to trigger follow-up posts of the same valence.

Then, could emotions in the discussions be described by a Markov process?

A Markov chain (Norris 1997) is a basic stochastic process with one memory step

Fig. 3 Complementary cumulative distribution function (CCDF) P(e)(�n) of the cluster size for
all data used in the study. Symbols are data (blue triangles, red circles, and white squares,
respectively, for negative, positive, and neutral clusters), dotted lines are i.i.d. processes given

by Eq. (1), dashed lines are Markov processes given by Eq. (2), while solid lines come from Eq. (3)

and represent distributions based on the preferential attraction rule. The spurious increase of P(e)
α

(�n) for n �40 for Blogs data is due to violation of the scaling p(e|ne)¼ p(e|e)nα

Table 1 Datasets’ properties

Probability of emotion Exponent α

N T <e> p(+) p(�) p(0) α+ α� α0

BBC 2,474,781 97,946 �0.44 0.19 0.65 0.16 0.38 0.05 0.45

Digg 1,646,153 129,998 �0.16 0.31 0.48 0.21 0.20 0.11 0.37

IRC 1,899,119 93,379 0.16 0.32 0.15 0.53 0.18 0.31 0.07

Blogs 242,057 1,219 0.14 0.35 0.22 0.43 0.23 0.19 0.16

Properties of the four datasets: number of comments N; number of discussions T; average valence
in the dataset<e>; probability of finding positive ( p(+)), negative ( p(�)), and neutral emotion

( p(0)); values of α exponents for positive (α+), negative (α�), and neutral (α0) clusters
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when the probability of the next time state depends only on the previous one by

corresponding conditional probabilities. In this case,

P
eð Þ
M � nð Þ ¼ p e

�
�e

� �n�1 ð2Þ

(dotted lines in Fig. 3), where p(e|e) is the conditional probability that two

consecutive messages have the same emotion. It is defined as p(e|e)¼ p(ee)/p(e),
where p(ee) is the joint probability of the pair ee that is measured as a number of

occurrences of the two consecutive messages with the same valence e divided by

the number of all appearing pairs. The fit is better than for the i.i.d., but there is still

divergence for large n.
Now, let us consider conditional probability p(e|ne) that after n comments with

the same emotion valence the next comment will have the same valence. The data

reveal the relation p(e|e)< p(e|ee)< . . .< p(e|ne)� p(e|e)nα with the characteristic

exponent α representing the strength of the sublinear preferential process and α in

[0;1]. This relationship means that finding a positive message after seven positive

comments is more likely than after six. It holds true for n< 10, but then saturation

follows, finally decreasing to zero for long clusters (see Fig. 4). Preferential

processes are common in complex systems with positive loop dynamics, and they

are responsible for the emergence of fat-tailed distributions, including power-law

scaling (Barabási and Albert 1999; Krapivsky and Redner 2001). The influence of

preferential attraction is visible in the CCDF in Fig. 3. Its decay is much slower than

in the case of random or even one-step Markov processes. In order to find an

analytical approximation to the cluster distribution, extending the scaling relation

p(e|ne) leads to the following approximation of the CCDF:

P eð Þ
α � nð Þ � p e

�
�e

� �n�1
n� 1ð Þ!½ �α ð3Þ

This approximation is presented in Fig. 3 (solid lines). The fit with the data is far

better than in the case of the i.i.d. and one-step Markov distributions, especially for

large n. The differences between the analytical assumption and the real data come

from the artificial extension of the scaling relation p(e|ne), which results in under-

estimation of the norm of probability and, consequently, overestimation of the

number of clusters. The range of applicability of this analytical result is limited

since for large n the function P(e)
α(�n) possesses a minimum depending on the

parameters p(e|e) and α, and it diverges as n goes to infinity.

Figure 3 confirms that the occurrence of emotional posts cannot be described by

the i.i.d. process, and there are specific correlations between emotions in conse-

cutive posts. These correlations result from emotional interactions between discus-

sion participants via their messages. The interactions possess an attractive character

because clusters of posts with the same emotional valence are longer than clusters

from random distributions. The emotion expressed by a participant depends on the

emotions in previous posts—he/she tends to express emotions that have been

recently used in the discussion. This observation is consistent with general ideas

regarding functions of emotions (e.g., Frijda 1986). Moreover, the relations
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observed in both Figs. 3 and 4 indicate that the behavior of the participants can be

regarded as a collective one—the more the emotional posts submitted the more

emotional will be the next one.

Note that the collective effect happens regardless of emotion valence—in other

words, the affective attractive forces that produce a snowball effect in a set of

consecutive messages are not sensitive to the emotion type. The prerequisite for a

significant value of such a force is a large number of messages in the preceding

cluster of homogeneous emotions. This observation supports recent findings by

Sabucedo et al. (2011) who showed that both positive and negative emotions

(respectively, enthusiasm and anger in their study) can be responsible for triggering

collective actions (political demonstrations).

4 Life-Span of the BBC Forum and Digg Communities

The influence of emotions on the duration of BBC forum and Digg discussions was

investigated as follows. Threads of the same size were grouped together, and a

moving average of the emotion type of the last ten comments was calculated for

Fig. 4 The conditional probability p(e|ne) of the next comment occurring having the same

emotion for Digg, BBC, Blogs, and IRC data. Symbols are data (blue triangles, red circles, and
white squares, respectively, for negative, positive, and neutral clusters) and lines reflect the fit to
the preferential attraction relation p(e|ne)¼ p(e|e)nα
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each point. As seen in Fig. 5a, shorter threads tend to start from a lower (i.e., less

negative) emotional level than longer ones. On the other hand, threads end with a

similar mean emotional valence value regardless of their lengths—the last point of

each data series in 3a (circles, squares, triangles, and diamonds) is at almost the

same level, i.e., about �0.42. This phenomenon is echoed in Fig. 5b where the

average emotional valence of the first ten comments minus the average emotional

valence of the last ten comments is plotted, showing that longer threads have bigger

eventual decreases in negative valence. Figure 5c also suggests that the initial

emotional content (whether positive or negative) may be used as an indicator of

the expected length of a thread—low absolute average emotion valences lead to

shorter discussions. A possible heuristic explanation is that the first few posts in a

Fig. 5 Time dependence of emotions in BBC Forum (a, b, c) and Digg (d) threads. (a) Average

emotion valence in the thread (moving average of the previous 10 messages in the thread). Four

groups of threads of lengths 20, 40, 60, and 80 are represented by different symbols (respectively

circles, squares, triangles, and diamonds). Shorter threads start from emotional levels closer to

zero. (b) Emotional level (valence) at the beginning of a thread minus the emotional level at the

end as a function of thread length (grey symbols). Black triangles display binned data. Longer

threads use more emotional “fuel” over time. (c) Average length of the thread as a function of the

absolute value of the average emotion valence of the first 10 comments. Emotional thread starts,

whether positive or negative, usually lead to longer discussions. (d) Average length of thread in

Digg data as a function of the average valence of the first 10 comments. Here, only negative start of

thread leads to longer discussions
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thread may give it the potential (emotional fuel) to propel further discussion. Once

the emotions driving the discussion dry out, the thread is no longer of interest to its

participants and it may die. For the threads possessing higher initial levels of

emotion, it takes more comments to resolve the emotional issue, resulting in longer

threads. A similar although slightly different phenomenon is spotted in the Digg

data. Here, as seen in Fig. 5d, only negative start of the thread prolongs the

discussion.

5 Users Impact on the Discussion in the BBC Forum

Here we consider user activity ai defined to be the total number of posts written by

user i in all discussion threads during the observation period. For simplicity, this

quantity will also be referred to as a. The maximum observed activity in the dataset

is amax¼ 18274, i.e., one user authored more than 18,000 messages, while the

average activity is<a>¼ 137 and the median ma¼ 3. The number of occurrences

of a is presented in Fig. 6a (red triangles) and it is well fitted by the power-law

relationship ha ~ a
�β, β¼ 1.4 (black line in Fig. 6a). The relatively small value of

the exponent β suggests a high number of very active users of this forum. Since all

discussions in the forum are split into separate threads j, we define dij (or d for short)
to be the local activity of user i in thread jmeasured by the number of posts that this

user submitted in the discussion. Whereas both its maximum and average values

(respectively dmax¼ 1582 and<d>¼2.84) are lower than in the case of a, the
number of occurrences of d shown as black circles in Fig. 6a still follows a similar

relationship hd ~ d
�γ with exponent γ¼ 2.9 (red line in Fig. 6a), which is double that

of a.
While user behavior shows a strong tendency to be scale-invariant, this is not so

clear for the thread statistics shown in Fig. 6b. Here, we consider thread length

L and the number of unique users U posting at least one comment in the thread.

Histograms of both quantities hL (black circles) and hU (red triangles) display

power-law tails for U,L> 20. This is most prominent in the case of hU, which is

also characterized by a rather large exponent η¼ 4.9 (black line in Fig. 6a).

To understand the impact exerted by the most frequent users on the length of a

thread, consider the dependence between the normalized number of unique users in

a single thread defined by u¼U/L and thread length (Fig. 6c). For short threads

(L between 1 and 10), u is about 0.6–1 while for threads larger than 400 comments,

it drops below 0.1. A good fit is u(L)¼A(L + b)�0.58 (the blue line in Fig. 6c); thus,

the number of unique users grows more slowly than linearly with thread lengths.

This suggests that mutual discussions between specific users rather than a large

number of independent comments submitted by many users sustain thread life.

The following quantities describe the emotions of individual debaters and

discussions threads. The average (global) emotion of a user ea is the sum of all

emotions e in posts written by the user i divided by his/her activity ai. The average
emotion of a thread eL is the sum of all emotions in the thread j divided by its length
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Lj. The third value ed is the average emotional expression of the user i in the thread
j. The main features of the distribution p(ea), presented in Fig. 7a, are peaks for

ea¼�1, 0, 1 which are a straightforward effect of the large number of users with

a¼ 1 and threads with L¼ 1 (see Fig. 6a, b). The local maximum around ea¼�0.5

is a specific attribute of the BBC Forum because it possesses a strong bias toward

negative emotions, with an average value of<e>¼�0.44. We observe similar

distribution shapes for p(eL) and p(ed).
So far we have treated user activities and emotions as mutually independent

variables, but we now consider the relationship between them. Figure 7b plots

users’ global average emotions<e>a versus global activity a. Neglecting fluctua-

tions for large values of a caused by small numbers of very active users, there is a

Fig. 6 (a) Histogram of user activity a (triangles); histogram of user activity in thread d (circles).
Lines are fits to the data and they follow relations ha ~ a

�β and hd ~ d
�γ with β¼ 1.4 and γ¼ 2.9.

(b) Histogram of threads with length L (circles); histogram of the number of unique users

U making a comment in the thread (triangles). The black line is a fit to the tail of the distribution

and it follows the relation hU ~U
�η with η¼ 4.9. (c) The normalized number of unique users

u making a comment in a thread of length L (dots—original data, triangles—data binned

logarithmically). The blue line corresponds to relation u¼A(L+ b)�δ with fitted parameters

δ¼ 0.58, A¼ 3.72 and b¼ 8.6

Fig. 7 (a) Probability distribution of users’ global average emotions <e>a. (b) Users’ global

average emotion<e>a versus users’ global activity a. (c) Users’ average global activity<a
(<e>a)> versus their global average emotion<e>a: red bars—empirical data, black bars—
shuffled data. (d) Relationship between users’ average emotion in a thread<e>d and users’

activity in the thread d. Grey circles are original data, black triangles are binned data, and the

red curve corresponds to equation<e>d¼A1 +B1ln(d + b) with A1¼�0.31, B1¼�0.054 and

b¼ 8.6
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constant mean emotion that is around the forum’s average value<e>. Hence, on

average, the user activity level a does not influence his/her average emotions<e>.

In Fig. 7c, the reversed relationship is plotted, i.e., the average global activity versus

users’ average emotions (red bars). For comparison, we present shuffled data (black

bars) where the emotional values of posts were randomly interchanged between

users. Whereas the second distribution follows a Gaussian-like function, the origi-

nal set is characterized by a broad maximum stretching across almost all of

the negative part of the plot and some minor fluctuations in the positive part. This

means that although there are the same mean emotions for groups of users of

various activities (see Fig. 7b), there are different average activities for users of

various mean emotions.

Users can take part in many threads; thus, their local and global activities

as well as corresponding local emotions can be very different. But how are users’

emotions<e>d expressed in a thread connected to the activity level d in it?

Figure 7d shows the average emotions of a user in a thread as a function of the

user’s local activity. In this case, an increase in activity in a particular thread leads

to more negative average emotions in the thread. Recall that there was no relation-

ship between a user’s global activity and his/her emotions, as shown in Fig. 7b.

For longer discussions, there is a more homogeneous group of users (see Fig. 6c);

thus, on average one user writes a larger number of posts<d> (L )¼ 1/u(L ).
As shown in Fig. 7d, the average emotions for users locally more active decreases

logarithmically. These two effects cause the longer threads to possess, on average,

more negative emotions. In fact in Fig. 8, there is a logarithmic decay in mean

thread emotions<e>L as a function of thread length L. To confirm the statistical

validity of this phenomenon, we randomly shuffled emotions between various

threads. The inset in Fig. 8 proves that in this case mean thread emotion is

independent of thread length. The qualitative outcome of Fig. 8 resembles Fig. 5b

with respect to the idea of emotional (negative) fuel that has to be included in the

discussion in order to sustain it.

Fig. 8 Relationship

between the average

emotion in discussions with

fixed thread length

L (diamonds), circles are
binned data, the line
corresponds to the

relationship<e>L¼A0

+B0 ln(L ) with fitted

parameters A0 ¼�0.34,

B0 ¼�0.03. The inset shows
the same plot for the

shuffled data
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6 Conclusions

On the basis of automatic sentiment detection methods applied to huge datasets, we

have shown that Internet users’ messages correlate at the simplest emotional

level—positive, negative, or neutral messages tend to provoke similar responses.

The collective character of the emotions expressed was evident in several different

types of e-community—it was observed for BBC forums and Digg (mainly negative

emotions), for the Blogs (mainly positive comments), and also in IRC dialogues

(neutral). The strength of emotional interactions can be indirectly measured by

the parameter α expressing the influence of the most recent emotional cluster on the

probability that the next post has the same emotion. The results indicate the

presence of online collective behavior among users that creates longer discussion

threads.

We also found patterns in individual users’ emotional behaviors in online BBC

Forums. We observed a scale-free distribution of users’ activities in the whole

forum and in singular threads as well as power law tails for the distribution of thread

lengths and the number of unique users in a thread. At the level of the entire forum,

negative emotions boost users’ activities; participants with more negative emotions

write more posts. At the level of individual threads, users that are more active in a

specific thread tend to express more negative emotions in it and seem to be the key

agents for sustaining discussion. As result, longer threads possess more negative

emotional content. Overall, then, negativity is the key sentiment to start and sustain

online discussions, at least in the forums investigated here.
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