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     Every day, millions of Internet users leave online traces that are publicly accessible. Data 
 about forum comments, video downloads, or product reviews provide a valuable insight 
 into human online behavior. � e retrieval of datasets of unprecedented size may eventu-
 ally also allow testing of hypotheses or validation of theories that have been developed in 
 the social sciences, for example, about preferences, social infl uence (Lorenz, 2009; Onnela 
 & Reed-Tsochas, 2010), trust, and cooperation (Walter, Battiston, Yildirim, & Schweitzer, 
 2011). � is recent scientifi c development has led to the emerging fi eld of  computational 

 social science  (Lazer et al., 2009) which combines methods and tools from diff erent tech-
 nical and social disciplines. Also, psychology can benefi t from this development by get-
 ting access to data without designing expensive experimental setups of limited size. For 
 example, the analysis of  Twitter messages  allows studying the infl uence of the circadian 
 cycles on human mood (Golder & Macy, 2011), and sentiment analysis of large-scale 
 datasets reveals patterns of emotional expression predicted by earlier theories (Garcia, 
 Garas, & Schweitzer, 2012). 

  A special feature of online communities is the frequent occurrence of collective emo-
 tions, which are not so easily observable in offl  ine interaction. Spontaneously, large num-
 bers of users share similar emotional states, due to their ability to reach many other users 
 in a quick and o� en anonymous way. Such collective emotions can result from exogenous 
 as well as from endogenous causes. For example, external events, such as a natural disas-
 ter, are able to trigger the online expression of emotions of millions of users. But collective 
 emotions can also be created within online communities, for example, in forum discus-
 sions (Chmiel et al., 2011). 

  Our aim is to study emergent collective emotions, as their dynamics and precondi-
 tions can be studied based on the textual expressions of users in online communities. 
 Online data allows us to precisely measure how and when collective emotional states 
 emerge, but the analysis of this spontaneous behavior cannot be simply reduced to the 
 activity of single users. Instead, these collective states should be understood as emer-
 gent phenomena resulting from the interaction of a large number of individuals. In our 
 approach, we try to relate the statistical regularities observed in online communities to 
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  the interactions between users. � e distinction between the micro level of individual 
 users and the macro level at which their collective behavior can be observed is one of 
 the specifi c features of the theory of complex systems. Over the last 40 years, methods 
 and tools from computer science, statistical physics, and applied mathematics have been 
 utilized to address this micro–macro link and to predict the collective dynamics of a sys-
 tem from individual interactions of many system elements or agents. Agent-based mod-
 eling provides a useful approach to understand collective phenomena by studying the 
 rules of the agents involved. In particular, some agent-based models in social psychology 
 (Kuppens, Oravecz, & Tuerlinckx, 2010) support the need to apply these models to under-
 stand human behavior. 

  We present a general framework to model the emergence of collective emotions based 
 on the emotional expressions of individuals and their interactions. In our framework, 
 individuals are represented by Brownian agents (Schweitzer, 2003), which allows the use 
 of established methods from statistical physics to derive information about the collective 
 dynamics of the agents. � e emotional state of an agent is characterized by its valence, 
 measuring the emotions’ pleasantness or unpleasantness, and its arousal, for example, 
 the level of activity associated with the emotion. � is framework follows the dimensional 
 theory of core aff ect (Russell, 1980), which represents the short-lived, intense features of 
 emotional life. While more complex models and additional dimensions can be taken into 
 account, core aff ect is closely linked to emotional expression, for example, written text 
 (posts) in the case of online communication. Such posts are transmitted over the Internet 
 to other agents who may read them and react to them in an emotional way. Modeling 
 such kinds of emotional feedback between distant users via the exchange of emotional 
 messages under diff erent circumstances is one of the main purposes of the framework 
 developed. 

  Our framework is specifi c enough to allow analytical results to predict simulation 
 outcomes (Schweitzer & Garcia, 2010), but general enough to cover a wide range of 
 online emotional interactions. � e main feedback loops of this framework, as sketched 
 in Fig.  26.1, are comprised of two orthogonal layers:  an internal layer describing the 
 agent (shown horizontally) and an external layer describing the communication process 
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    Fig. 26.1    Causation among the components of the general model. Reproduced from  The 

 European Physical Journal B—Condensed Matter and Complex Systems, 77 (4), 2010, 

 pp. 533–45, An agent-based model of collective emotions in online communities, F. Schweitzer. 

 With kind permission from Springer Science and Business Media.    
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  (shown vertically). In the internal layer, the arousal a     and the valence υ   of an agent deter-
 mine its emotional expression  s , which reaches the external layer by contributing to the 
 communication fi eld  h . � e latter has its independent dynamics and can, in addition to 
 contributions from other agents, also consider input from external sources,  I . � e causal-
 ity loop is closed by considering that both valence and arousal of an agent are aff ected by 
 the communication fi eld.      

  Since we are interested in modeling the emotional dynamics of Internet communities, 
 the general framework can be easily adjusted to consider the particularities of various 
 online platforms such as user expression limitations, external infl uence on users, or com-
 munication in networks as opposed to broadcast. In this chapter, we will provide diff er-
 ent examples of how to specify our modeling framework to cope with diff erent online 
 communities. 

     The concept of Brownian agents   

  Brownian agents are described by a set of  k  diff erent state variables  u (k)  
i  

 , where the index 
  i  = 1, . . . ,  N  refers to each individual agent  i . Each of these variables could be  external  
 if they can be observed in experimental data, or  internal  if they can only be indirectly 
 concluded from the observable data. Each of these state variables can be time dependent 
 due to interaction with the agent’s environment, or due to internal dynamics that do not 
 require external infl uence. In a general way, we can formalize the dynamics of each state 
 variable  u 

i 
  as a superposition of two infl uences of diff erent nature: 

    du

dt
f Fi

k

ff k
iFF

( )k
)(k= fff stoch   (1) 

  � is formulation is based on the principle of causality, as the change of any variable  u  is 
 produced by some causes which are listed on the right hand side of the equation. In the 
 case of Brownian agents, these causes are assumed to be described by a superposition of 
 deterministic and stochastic infl uences. 

  � e stochastic term   F 
i 
  stoch  models all the infl uences on the variables that are not observ-

 able on the time and length scale of the available data. � is stochastic infl uence does not 
 drive the dynamics of the agent state in any particular direction, and it is commonly, but 
 not necessarily, modeled by white noise. Furthermore, the strength of the stochastic infl u-
 ences might be diff erent among agents, depending on local parameters of the agents, as 
 in Schweitzer (2003). 

  � e deterministic term  f (k)  
i  

  represents all the specifi ed infl uences that change the cor-
 responding state variable  u (k)  

i  
 . For example, non-linear interactions with other agents can 

 be modeled by a function that depends on the state variables of any set of agents, which 
 can also include agent  i  itself.  f (k)  

i  
  can also describe the agent’s response to the available 

 information, which is the case for our modeling framework. It can depend on external 
 conditions, such as the infl uence of mass media in online communities. Additionally,  f (k)  

i  
     

 can refl ect the  eigendynamics  of the agent, which are the changes in the variables  u (k)  
i  

  not 
 caused by any infl uence external to the agent. Examples of eigendynamics are saturation 
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  or exhaustion, common in the modeling of human behavior (Lorenz, 2009). In order 
 to design a multi-agent system, we have to defi ne the agent’s state variables,  u (k)  

i  
   , and the 

 dynamics of their change,  f  (k)  
i  

   , specifying the interaction among agents. � ese dynamics 
 are defi ned at the level of the individual agent and not at the collective level, in a way that 
 the macroscopic dynamics emerge from the interaction of a large amount of agents, just 
 as collective emotions emerge in online communities.  

     Emotional states and their internal dynamics   

  Following the bidimensional representation of core aff ect (Russell, 1980), we quantify 
 the emotional state of an agent through the variables of valence υ  

i 
 ( t ), and arousal  a 

i 
 ( t ). 

 Diff erent emotional states can be mapped to diff erent points in this bidimensional space. 
 For example, “happy” is an emotional state with high valence and arousal, while “satis-
 fi ed” has positive valence but negative arousal. Other states like “depressed” have negative 
 valence and arousal, and “angry” has positive arousal and negative valence. � ese two 
 variables are known to capture most of the information of emotional experience (Russell, 
 1980), so we will defi ne the state of the agent as  e 

i 
 ( t ) = {υ  

i 
 ( t ),  a 

i 
 ( t )}. Note that valence and 

 arousal are internal variables. � ey can only be indirectly observed, for example, through 
 physiological measurements or individual reports. 

  In the absence of any external excitation, any emotional state should relax to an equi-
 librium state. � is assumption is supported by empirical studies that show how emotional 
 states exponentially decay in a stochastic manner (Kuppens et al., 2010). � is relaxation, 
  e 

i 
 ( t ) → 0, implies υ  

i 
 ( t ) → 0,  a 

i 
 ( t ) → 0. � us, in accordance with Eq. (1) we defi ne the 

 dynamics of the Brownian agent as follows: 

    

�

�

υ = −i i

i ai i a ai a

F A i

a = −i

γ υi ξ

ξa aiFγ ai iai A i

υυi iυi υ υii ξ( )t +F ( )t

( )t F ( )t
  

(2) 

  � e fi rst terms on the right-hand side of the equations describe the exponential relaxation 
 of valence and arousal toward the equilibrium state. � e parameters γ 

υ i  
 and γ 

 ai  
 defi ne the 

 time scales of this relaxation, which can be diff erent for valence and arousal and across 
 agents. � e second terms describe the deterministic infl uences as explained below, and 
 the third terms model the stochastic infl uences. ξ 

υ 
( t ), ξ 

 a  
( t ) are random numbers drawn 

 from a given distribution of white noise, for example, they have zero mean and no tempo-
 ral correlations. � e strengths of the stochastic components are quantifi ed by  A  

υ i  
 and  A  

 ai  
, 

 which can also vary across agents. 
  � e deterministic infl uences on the emotional state of the agent are described by the 

 functions  F  
υ 
,  F 

a 
 . � ey depend on specifi c assumptions applicable to online collective emo-

 tions, in particular the agents’ interaction, access to information, or their response to the 
 media. � ey can also depend on the emotions of other agents, as for example, empathy 
 (Preston & de Waal, 2002) would drive the emotional state of an agent toward the one 
 perceived from others. In the following sections, we extend the description of the agent 
 by defi ning the actions an agent can take, and by specifying the forms of these functions.  
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      Emotional expression   

  When the deterministic and stochastic infl uences become negligible, Eq. (2)  defi nes 
 the stationary state   e 

i 
 ( t ) → 0. If the infl uences are large, for example, if information 

 with emotional content becomes available to the agent, there should be excited emo-
 tional sates. � is excited state is not externally observable unless the agent decides to 
 communicate, creating a message or posting a comment in a discussion. Consequently, 
 our assumption for the expression of emotions is that the agent expresses its valence 
 through the externally observable variable  s 

i 
 ( t ) if its arousal exceeds a certain individual 

 threshold,  T 
i 
  : 

     s 
i 
 ( t  + Δ t ) = sign(υ  

i 
 ( t ))Θ[ a  

i 
( t ) – T   

i 
]   (3) 

  Where Θ[ x ] is the Heaviside’s function which is one only if  x  ≥ 0 and zero otherwise. 
 If Θ[ x ] = 1, we assume that the agent is not able to perfectly communicate its valence 
 state, for example, the exact value of υ  

i 
 ( t )  , and its expression is simplifi ed to the sign 

 of its valence,  r 
i 
 ( t ) = sign(υ  

i 
 ( t )). Of course this is only an assumption, and we can eas-

 ily change it to allow perfect valence communication. � us, it is essential to assess its 
 validity through the analysis of real data. � is way the communication process receives a 
 coarse-grained representation of the valence of individual agents, which can be adjusted 
 to the accuracy of the data analysis techniques available. 

  An additional assumption is that the agent might not be able to immediately express 
 its emotions if the arousal hits the threshold at a particular time  t . � is expression might 

 be delayed for a certain time Δ t , as the agent might not have immediate access to com-
 munication media. Empirical studies investigated these kind of waiting time distributions 
 of human communication (Crane, Schweitzer, & Sornette, 2010; Garas, Garcia, Skowron, 
 & Schweitzer, 2012; Rybski, Buldyrev, Havlin, Liljeros, & Makse, 2009), letting us assume 
  P 

 
 (Δ t ) ∝ Δ t  –α , where α should be empirically determined.  

     Communication of emotions in online communities   

  A� er describing the dynamics of emotional states and emotional expression, we need to 
 specify how this emotional expression is communicated to the other agents. In line with 
 previous models of social interaction (Schweitzer & Holyst, 2000), we assume that every 
 positive and negative expression is stored in a communication fi eld  h  

± 
( t ) with a compo-

 nent for positive communication  h  
+ 
( t ), and another component for negative informa-

 tion  h  
– 
( t ). � is variable essentially stores the “amount” of available comments of a certain 

 emotional content at a given moment in time. We propose the following equation for the 
 dynamics of the fi eld: 

    
�h h cn I± ± ± ±cn ±( )tt ( )t + ( )t      (4) 

  where each agent contribution  s   
i  
( t )   increases the corresponding fi eld component by a 

 fi xed amount  c  at the exact time the expression occurred. � is parameter  c    represents 
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  the impact of the information created by the agent to the information fi eld, defi ning a 
 time scale. 

  � e variable  n  
± 
( t ) shows the total number of agents contributing positive or negative 

 emotional expression at time  t   . � ese expressions are in general time dependent, for 
 example, they lose importance as they become older, usually due to the creation of new 
 information in the community. � is is represented by the exponential decay present in the 
 fi rst term of the right-hand side of Eq. (4), which is parametrized through γ 

± 
. In addition, 

 externally produced positive or negative emotional content might change the communi-
 cation fi eld, as, for example, news can have a great impact in the overall emotional state 
 of an online community. We model this mechanism through the agent-independent term 
  I  

± 
( t ), which can be modeled as a stochastic input, or used to analyze the reactions of the 

 model to external stimuli. 
  To fi nish the description of our framework, we need to specify how the available infor-

 mation infl uences the state of the individual agents, which is covered by the functions 
  F  

υ 
 and  F 

a 
   .  

     Feedback of communication into emotional states   

  � e aim of our model is to reproduce the emergence of a collective emotion, assuming 
 that it cannot be understood as a simple superposition of individual emotional states. 
 Our assumption is that the emotional expression of an agent may change the emotional 
 state of a number of other agents, either directly or indirectly. For this infl uence we can 
 only use hypotheses and test them in computer simulations in order to investigate vari-
 ous possible scenarios. Additionally, these can also be empirically tested when individual 
 users are exposed to emotional content in experiments (Kappas, Tsankova, � eunis, & 
 Kuester, 2011). 

  In the communication fi eld of our model, there are two components for positive,  h  
+ 
( t )  , 

 and negative,  h  
– 
( t )  , emotional information. Depending on the state of an agent, it might 

 be aff ected by these diff erent kinds of information in diff erent ways. For example, if we 
 assume that agents with negative (positive) valence mostly respond to negative (positive) 
 emotional information, we can specify: 

    
FυFF ∝

rirr

2
{ }f ffff( )rrr1 rrr [ ]hhhh ( )tt ( )( )rrr1 −1 [ ]h ( )tftt rr [h

    
(5)

 

  where  r 
i 
 ( t ) = sign(υ   

i 
( t )) and  f [ h  

+ 
( t )] are functions depending either on  h  

+ 
 or on  h  

– 
 only. 

 An alternative scenario would be that agents pay attention to the prevalence of positive or 
 negative emotional content independently of their valence. In that case, we may assume: 

    υFF ∝ [ ]( ) ( )( )g [ ) −)
   

(6) 

  where  g  is a function of the diff erence between the two components of the information 
 fi eld. Other combinations might be tested as well. 



MODELING COLLECTIVE EMOTIONS IN ONLINE SOCIAL SYSTEMS 395

   A general assumption for Eq. (5) is that valence increases with the respective informa-
 tion perceived by the agent. � e strength of this infl uence should depend on the emotional 
 state of the agent, o� en in a non-linear manner. For example, if an agent is happy (sad), 
 it may become happier (more sad) if receiving information about happy (sad) agents or 
 events. A general formulation for this kind of dynamics has the form: 

    
F h h b ti k

k

k

n

υFF ± i
=

( )tt ( )( )  ( )( )∑∑ (bk υbkbhhhhiυi ( )tttt  )ttt ∑ )
0   

 (7)
 

  where the key assumption is that the coeffi  cients  b 
k 
  are the same for any value of the 

 valence.  

     Dynamics of arousal   

  As already explained, the arousal measures the degree in which the emotion encourages 
 or discourages activity. It becomes important when it reaches a threshold T   

i 
   , which is 

 assumed to be the precondition for emotional expression (Rime, 2009). Emotional expres-
 sion should have some impact on the arousal, and we assume that the arousal is lowered 
 a� er producing a message, or set back to the ground state in the most simple case. � is 
 means that the dynamics of arousal should be divided into two parts: one applying before 
 the arousal reaches the threshold, and one at the exact moment when it is reached. Hence, 
 we defi ne the dynamics of the arousal  a 

i 
 ( t ) as: 

    
� �a ai ia i( )t [ ]i i[ ]( ) ( ) [ ]i i( )Θ[ i]i i ]( ) ( ) [aia ( )tΘai]ai ia ( )t ( )tt

   
(8)

 

  As long as  x  = T   
i 
 –  a

i
 ( t )>1,   and the arousal dynamics are defi ned by �ai ( )t  as in Eq. (2). 

 Once the threshold is reached,  x  ≤ 0  , Θ[ ]x = 0  and Θ[ ]− = 1 , deterministically resetting 
 the arousal back to zero. 

  To conclude the dynamics of arousal, we must specify the function  F 
a 
   , which applies 

 when the arousal is below the threshold. � e arousal was designed to be an orthogo-
 nal variable to valence, measuring the activity level of an emotion. It is reasonable to 
 assume that agents respond to all the emotional content available in the community, for 
 example, the sum of both fi eld components, in a way that depends on their own arousal 
 in a non-linear manner, regardless of the valence dimension. Following the same 
 general point of view as for the case of valence, we propose the following non-linear 
 dependence: 

    
d aa kFF d k

k

n

[ ]h hh h( )tt ( )tt ( )tht
=

∑
0   

 (9)
 

  Alternatively, we may argue that agents pay attention to the information only as long as 
 their arousal is positive because negative arousals are associated with states of inactivity 

T T



MODELING COLLECTIVE EMOTIONS IN ONLINE SOCIAL SYSTEMS396

  (tired, sleepy, depressed, bored). In this case, it is reasonable to assume, for example, that 
 the impact of information increases linearly with the activity level: 

    
FaF a∝ [ ]h h( )t + ( )t ( )t [ ]a( )th( )t + Θ

   (10) 

  � is description defi nes a complete framework to design agent-based models of collec-
 tive emotions in online communities. Simulation and statistical analysis of the properties 
 of these models can explain the reasons for the emergence of collective emotional states 
 from the online interaction of large amounts of users. In the following sections we pre-
 sent two instances of applications of our framework to emotional interaction in product 
 reviews communities and chat room discussions.   

     A model for emotional product reviews   

  As an application of our modeling framework we study the emotional interaction in prod-
 uct review communities. Product review communities provide their users with the means 
 to overcome information barriers typically present in traditional media and marketing by 
 gathering independent information generated by other users. 

  � is process of information exchange is subject to emotional interaction, changing the 
 impact of a review depending on subjective factors like opinions and emotions. 

  � e infl uence of emotions in product reviews has been subject of previous research 
 (Dellarocas & Narayan, 2006), but the analysis of reviews was done in an individual 
 manner. Collective emotions regarding products are a fairly new point of view that is 
 gaining importance in order to predict and to optimize product acceptance. Datasets on 
 user-generated product reviews provide a valuable resource to study how certain prod-
 ucts become famous, or “beloved” by means of the Internet. In this section, we present 
 our agent-based model which is able to reproduce two properties of emotions in product 
 reviews: the time response of the community to the release of the product, and the typical 
 distribution of emotional expression through the review text. We compare simulations of 
 our model with a large dataset from  Amazon.com , with emotional information extracted 
 by sentiment detection tools. 

     Modeling emotional interaction through product reviews   

  � e structure of this model is the same as explained in Fig. 26.1, where the emotional 
 state of the agents is composed of valence and arousal and is infl uenced by a collective 
 information fi eld using specifi c assumptions about this kind of communication (Garcia & 
 Schweitzer, 2011). In our model, we focus on the discussion at the product level, ignoring 
 relations between products. � is means that the communication between agents always 
 refers to the reviewed product. It is a particular property of a product that every user is 
 allowed to review it only once. We introduce this constraint in the arousal dynamics. 
 Specifi cally, a� er an agent’s arousal reaches its threshold  T

i 
, the threshold is reset to a 

 value of ∞, preventing the agent from making a second review on the same product. We 
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  assume that the initial values of these thresholds are heterogeneous among agents, sam-
 pled from a normal distribution with mean μ and standard deviation σ. 

  For this application, we assume that the arousal dynamics depends on the sum of both 
 components of the fi eld ( h  

+ 
   and  h  

– 
  ), as formalized in Eq. (9). For this case, the polynomial 

 function of Eq. (9) goes up to degree 2, modeling a quadratic dependence on the agent’s 
 own arousal. Our simulation results (Schweitzer & Garcia, 2010) show that this form of 
 arousal dynamics is able to produce spontaneous emergence and disappearance of col-
 lective emotional states. For the valence dynamics, we assume that the infl uence of the 
 information fi eld in the agent’s valence F   

υ 
   depends on the previous value of the agent’s 

 valence. � is means that previous negative experiences of the product lead to a tendency 
 to pay less attention to the positive expression of other agents. On the other hand, agents 
 with positive experiences will be more infl uenced by positive emotional information than 
 by negative information. We can formalize this asymmetry of agent perception through 
 an exponential function with a cubic decay, as explained in Garcia and Schweitzer (2011). 

  Writing reviews is heavily infl uenced by preferences of the users and their relation to 
 the properties of the product. In our model, user preferences are included as an agent 
 internal variable  u 

i 
    constant in time. � e heterogeneity on these preferences is captured by 

 sampling  u 
i 
    from a uniform distribution in the interval [0, 1]. � is way we do not assume 

 any kind of general preference toward a particular value, as preferences simply determine 
 what is subjectively preferred and not what is better or worse. Product properties are 
 represented in the same scale as user preferences, as described by a parameter  q  ∈ [0,1]. 

  It is a common assumption in product review communities that a reviewer has pre-
 viously purchased or experienced the reviewed product. In our model, this experience 
 determines the initial value of the valence as the diff erence between the agent’s preference 
  u 

i 
  and the product property  q . If a product is at perfect match with a user’s preference 

 |  u 
i 
 – q  |=0 (Walter, Battiston, & Schweitzer, 2007), the agent starts with a maximum ini-

 tial valence (υ   
i 
(0) = 1). If the product happens to be the complete opposite to the agent’s 

 expectations, the value of the diff erence between both would be maximum and the agent’s 
 valence  (υ   

i 
(0) = –1). 

  According to our framework, the value of an agent’s expression  s 
i 
    is determined by its 

 valence  υ 
i 
   . We assume that agent expressions infl uence the fi eld more the more emo-

 tional they are. As product reviews are fairly long texts compared to other kinds of online 
 communication, sentiment analysis techniques are able to provide values for diff erent 
 degrees of emotionality. A review might contain only factual information and not infl u-
 ence the emotions of a reader, but it could also contain mild or extreme emotional con-
 tent. � e value of an agent’s expression  s 

i 
    ranges from −5 to 5, proportional to the value of 

 its valence when creating the review.  

     Comparison of simulations with reviews data   

  Our model for emotions in product reviews aims at reproducing collective properties 
 of emotional expression toward products. Our dataset contains more than 1.7  million 
 reviews from  Amazon.com  for more than 16,000 products. Each review has been processed 
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  with SentiStrength (� elwall & Kappas, Chapter 25, this volume; � elwall et al., 2010), a 
 sentiment analysis tool that gives values of positive and negative emotions in a text in a 
 scale from 1 to 5. Statistical analysis of this dataset (Garcia & Schweitzer, 2011) showed 
 the existence of two patterns of the reaction of the community to the release of a product. 
 Furthermore, emotional expression regarding products followed distributions of a char-
 acteristic shape, which our model should reproduce. 

  Given a particular set of values for the parameters of our model, the initial value of the 
 communication fi eld determines the type of collective dynamics of a simulation. � is way 
 the model is able to reproduce the diff erent scenarios we found in the real data, which  cor-
respond to reviews resulting from mass media versus word-of-mouth infl uence. � e  fi rst 
row of Fig. 26.2 shows the time series of emotional expression in two model simula tions. 
� e second row shows two example time series for two products of our  Amazon. com  data-
set. � e le�  column shows the case when there is a strong input to the fi eld at the begin-
 ning of the simulation. � is initial impulse, simulating marketing campaigns, forces the 
 dynamics of the community into a vastly decaying single spike. An example of this kind 
 of scenarios in real products is  Harry Potter and the Deathly Hallows , which was subject to 
 a large amount of media attention around its release due to the fact that it is part of series 
 of already successful books. 
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    Fig. 26.2    Amount of ratings (black), total positive expression (light gray) and total negative 

 expression (dark gray) for the simulated time. Rate of reviews and emotions for a strong media 

 impulse (a) and when the emotions spread through the community (b). Weekly statistics for 

  Harry Potter and the Deathly Hallows  (c) and  Marley and Me  (d). © 2011 IEEE. Reprinted, 

with  permission, from  IEEE Proceedings , Emotions in Product Reviews—Empirics and Models, 

Garcia,  D., & Schweitzer, F., pp. 483–488. See also Plate 1.    
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   � e right column of Fig.  26.2 shows the alternative case of a slower increase of the 
 activity in the community. � e simulated time series shows that, in the absence of ini-
 tial information, the model can build up endogenous cascades of reviews. � is kind of 
 dynamics requires a variance of the threshold distribution large enough to trigger some 
 agents that lead the activity in early stages of the simulation. � is behavior of our model 
 can be compared with the real example of the book  Marley and Me , as shown in the bot-
 tom right panel. Compared to other books,  Marley and Me  was not subject of an impor-
 tant marketing campaign, and the increase in review activity was due to word of mouth 
 eff ects among readers. � is slower growth also leads to a slower decay compared to the 
 le�  column of Fig. 26.2, which is also present in our simulations. � ese results are similar 
 in a qualitative sense, but many questions are still open for future analysis of the dynamics 
 of the model. For example, the model might be able to reproduce diff erent forms of the 
 growth and decay of reviewing behavior, which in turn might be more similar to the ones 
 showed for  Marley and Me . 

  � e valence dynamics of this model were designed to reproduce diff erent patterns of 
 positive and negative emotional expression in product reviews. � e dark gray bars in 
 Fig.  26.3 show a typical histogram of emotional expression in our  Amazon.com  data-
 set. In general, the distribution of negative emotions is more uniformly distributed than 
 the expression of positive emotions, which usually have a large bias toward the maxi-
 mum value. � e light gray bars in Fig. 26.3 show the histogram of emotional expression 
 from our simulations. � e similarity between both histograms shows how we are able 
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  to reproduce the distribution of emotional expression in product reviews, given certain 
 parameter values.      

  To conclude, Fig.  26.3 shows that the outcome of our model has macroscopic 
 properties similar to real world data on product reviews. Our model provides a phe-
 nomenological explanation based on psychological principles, linking the micro-
 scopic interaction between agents with the macroscopic behavior we observed in our 
  Amazon.com  dataset. In particular, the diff erent time responses and emotion distribu-
 tions of the community have the same qualitative properties in model simulations and 
 real data. Within our framework, further explorations of the relation between model 
 and data are possible. For example, each product can be mapped to a set of parameter 
 values that reproduce the collective properties of the community reaction. � is would 
 provide a measure of the impact of product properties and marketing in the psycho-
 metric space of the customers.        

     A model for emotions in chat rooms   

  � e second application of our modeling framework aims to provide insights on the nature 
 of human communication in real-time online discussions, for example, chat rooms. 
 Online communication like that in chat rooms has recently received much attention from 
 the scientifi c community (Garas et al., 2012; Rybski et al., 2009). As a result, many statisti-
 cal regularities of our communication patterns are revealed, such as the power-law nature 
 of the waiting time distribution  P (τ), where τ is the elapsed time between two consecutive 
 actions of the same user. Such regularities should be, and are, considered in the design 
 of our model. For example, instead of being driven by the arousal dynamics the level of 
 activity is sampled from the real inter-activity time distribution  P (τ): ~ τ –1.54 ,  as reported 
 by Garas and colleagues (2012). 

  Using our framework, the valence dynamics should follow Eq. (2) and is composed by 
 a superposition of stochastic and deterministic infl uences: 

    
υ ξ�

υi i i( )( )υ    (11) 

  � e exponential decay of the valence is determined by γ 
υ 
 and the infl uence of the informa-

 tion fi elds is modeled through  b ( h  
+ 
 –  h  

– 
)υ. � e parameter  b  quantifi es the valence change 

 per time unit due to the discussion of emotional content, which depends on the balance 
 between positive,  h  

+ 
  , and negative,  h  

– 
  , components of the fi eld. � is diff ers from the previ-

 ous assumption of Eq. (5) used for the modeling of product review communities, but is 
 more appropriate to capture communication in chat rooms. Chat discussions are usually 
 very fast real-time interactions that display a limited amount of messages to the users, 
 unlike fora in which large amounts of messages can be accessed at any time. In this model, 
 we aim to reproduce plausible chat room interactions, in which users are just able to read 
 a smaller amount of messages created in a short time. 
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   As mentioned before, agents create messages with time intervals sampled from the 
 empirical inter-event distribution. When posting a message, the variable s 

i 
   of the agent 

 is set to a value that depends on its valence υ 
i 
. As chat messages are usually very short, 

 we cannot assume the existence of very rich emotional content like in the case of product 
 reviews, but just some emotional orientation as positive, negative, or neutral messages. 
 We formalize the expression of valence polarity as: 
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  where the thresholds  V  
– 
 and  V  

+ 
 represent the limit values that determine the emotional 

 content of the agent’s expression. � ese thresholds do not need to be symmetric around 
 zero because, as we discuss in the “Measuring the baseline of emotional expression” sec-
 tion, human expression is systematically positively biased (Garcia et al., 2012). If humans 
 communicate in the presence of social norms that encourage positive expression, thresh-
 olds should satisfy | V  

+ 
| <  |V  

– 
|. 

  In this application of our framework, the communication fi eld is formulated exactly as 
 in Eq. (4), for example, it increases by a fi xed amount  c  when an agent expresses its emo-
 tions. By analyzing the parameter space of the model, we are able to identify parameter 
 values that reproduce observable patterns of real human communication. Garas and col-
 leagues (2012) have shown that there is a striking emotional persistence in online human 
 communication. � is emotional persistence can be reproduced by simulated conver-
 sations between agents chatting. It is interesting to note that we only assumed that the 
 inter-activity time τ   of agents follows a power-law distribution, to obtain an inter-event 
 distribution for the time lapse between consecutive messages that has the same form as 
 obtained from the real data, but with faster dynamics on a short time range.  

     Measuring the baseline of emotional expression   

  � e assumptions of our modeling framework are formulated such that they are empiri-
 cally testable. In this section, we present our results of the empirical analysis of emotional 
 words, which support the assumption of asymmetric thresholds of emotional expression 
 in our chat room model, as discussed in the previous section. � is modeling assump-
 tion corresponds to the previously formulated Pollyanna hypothesis (Boucher & Osgood, 
 1969), which asserts that there is a bias toward the use of positive words. 

  We have tested this hypothesis in the case of online textual communication. Specifi cally, 
 we analyzed the patterns of online usage of words contained in three established lexica. 
 � ese lexica contain estimations of the  valence  contents of emotional words in three of the 
 most used languages on the Internet, namely English (Bradley & Lang, 1999), German (Vo, 
 Conrad, Kuchinke, Urton, & Hofmann, 2009), and Spanish (Redondo, Fraga, Padron, & 
 Comesana, 2007). We estimate the word frequency using Google’s  N -gram dataset (Brants 
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  & Franz, 2009), one of the largest datasets available on Internet word usage. Combining 
 these two datasets, we are able to verify the existence of a positive bias in online written 
 expression. 

  For the three lexica, the valence distributions have mean values very close to zero, as 
 shown in the upper panel of Fig. 26.4. � e picture is diff erent when these distributions are 
 rescaled by the frequency of appearance of each word in the Internet. � e mean valence 
 of a word chosen at random from online text is considerably larger than zero for all three 
 languages. � is has a particular importance for quantitative analysis of the emotions in 
 written text, as the “emotional reference point” is not at zero, but at considerably higher 
 valence values (about 0.3). 

  � e existence of this bias in emotional expression infl uences the communication process 
 between individuals. For example, the information content of a word is closely related to 
 its frequency of usage. While we are unable to estimate information content perfectly, the 
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  frequencies of individual words and word sequences let us provide valid empirical estima-
 tions. � us, we estimated the information content through self-information (Garcia et al., 
 2012), which is defi ned as  I ( w ) = –log P ( w ). Looking at the relation between word valence 
 and information content, we found a consistent pattern in all three languages: the infor-
 mation content of a word decreases with the valence it expresses. Fig. 26.5 shows the clear 
 negative trend in information content, which is supported by correlation measures (cor-
 relation coeffi  cients between −0.3 and −0.4). Our analysis extends information measures 
 taking into account the co-occurrence of words up to distance 4, fi nding similar results. 

  � ese results are consistent with previous studies in social psychology, which support 
 that the expression of positive emotions encourages communication and strengthens 
 social bonds (Rimé, 2009). � is provides an evolutionary advantage to communities where 
 communication shows a positive bias, as it increases prosocial behavior and collaboration.            

     Social sharing of emotional content   

  In our modeling framework, online communication is aff ected by an information fi eld 
  h  that is modifi ed by agents’ emotional expression. A message created by an agent might 
 trigger new messages from other agents, depending on the emotional content of the mes-
 sage and the emotional states of the involved agents. We tested this kind of feedback with 
 data from the online microblogging site Twitter, where users create and share short mes-
 sages called  tweets . In particular, we tested the infl uence of emotional content in the social 
 sharing of tweets, by combining sentiment analysis with data on  retweets , for example, 
 redistributed messages which were previously created by other users.      

  We analyzed a large dataset composed of more than 30 million tweets processed with 
 SentiStrength in a similar fashion as the product reviews in the previous section (Pfi tzner, 
 Garas, & Schweitzer, 2012). Due to the very short nature of tweets, we combined the 
 output of the sentiment classifi cation to generate two values: emotional polarity from the 
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  comparison of positive and negative content, and emotional divergence  d , or strength of 
 the overall emotions expressed through the tweet. We calculate the divergence of a tweet 
 as  d  = ( p – n )/10, where  p  and  n  are the positive and negative values given by SentiStrength. 

  Our statistical analysis revealed that most of the emotional tweets are positive, in line 
 with the positive bias discussed in the “Measuring the baseline of emotional expression” 
 section. In addition, the ratios of positive, negative and neutral content are very similar 
 for tweets and retweets. � is result suggests that, for the case of Twitter, there is not a 
 clear unbalance in social sharing according to the sign of the valence expressed through 
 a message. However, when looking into the values of divergence between tweets and 
 retweets, the pattern is diff erent. Retweets consistently contain stronger emotional con-
 tent, although it is not biased toward positive or negative. In particular, the ratio between 
 retweet and tweet likelihoods α   increases signifi cantly when emotional divergence is 
 above 0.5, as shown in Fig. 26.6. As an illustrative example, our estimations show that a 
 tweet with  d  = 0.9 has a 14% chance of being shared, whereas a tweet with  d  = 0.3 only 3%. 

  � e interpretation of these results is consistent with the concept that  emotions elicit 

social  sharing  (Rime, 2009), showing that humans tend to share more experiences in which 
stronger  emotions are involved. � is analysis provides useful insights that should be taken 
into  account for future models of emotional spread in social networking sites, as a message 
with  strong emotional content is substantially more likely to spread in a community like 
Twitter.  
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     Conclusion   

  To summarize, our modeling framework provides the means to understand and predict 
 the emergence of collective emotional states, based on the interaction between individual 
 agents. Its analytical tractability allows us to fi nd conditions in which these states appear 
  and disappear, leading us to the formulation of testable hypothesis of emotion dynam-
 ics. We tested some of these hypotheses against datasets of online origin, lending support 
 to the existence of asymmetries in emotional expression. Instances of our models have 
 been proven successful in reproducing collective behavior in product review communities 
 and chat rooms, but our framework has also been used to defi ne an agent-based model 
 for emotional behavior in social networking sites (Šuvakov, Garcia, Schweitzer, & Tadi ć , 
 2012), and in virtual human platforms where three-dimensional avatars show facial emo-
 tional expression (Ahn, Gobron, Garcia, Silvestre, & � almann, 2012). Future applications 
 aim at applying our framework to other types of online communication, such as forum dis-
 cussions, open source communities, and dialog systems (Rank, Skowron & Garcia, 2013).    
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