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Empirical validation of an agent-based model 
of emotion contagion 

Erik S. van Haeringen, Emmeke A. Veltmeijer, and Charlotte Gerritsen 

Abstract—In recent years, many agent-based models of human groups have implemented a mechanism of emotion contagion, 
yet empirical validation is lagging behind. The aim of the present paper is to validate an agent-based model of emotion contagion 
at the level of group emotion, by comparing simulations against the emotional development of real people in small groups. To 
study the effect of emotion contagion, the participants interacted via a video call, where they were virtually placed in different 
social environments while they played a quiz. This allowed the exchange of emotion among all, some or none of the participants. 
The patterns of emotional development in the empirical results supported our hypotheses based on literature of emotion contagion 
and social norms. Further, the simulations with the complete model resembled many of these patterns. When emotion contagion 
was disabled in the model, the resemblance decreased. These results give a first indication that emotion contagion occurs in 
groups that meet via video calls, and can in-part be predicted by the proposed model of emotion contagion. Yet, further study with 
a larger and more diverse empirical sample is needed, as well as comparisons across contagion mechanisms, to draw stronger 
conclusions and ultimately justify societal application. 

Index Terms— Emotion contagion, Modeling human emotion, Multiagent systems, Validation 

——————————      —————————— 

1 INTRODUCTION
MOTION contagion is a largely subconscious process 
where the emotions of people in groups become more 

similar as the result of the expression of those emotions 
themselves [1]. Emotion contagion encapsulates a number 
of processes that drive the formation of collective emotion 
in crowds that meet in-person as well as via media and 
online [2]. While the effects of emotion contagion in groups 
are often subtle, in some cases the effects can be extremely 
harmful to individuals and society. Every year there are 
outbreaks of mass panic and anger in crowds that cause 
injuries and deaths, of which the recent Astroworld stam-
pede and riots at the US Capitol are examples that received 
much attention [3], [4]. Also hatred, anxiety, loneliness and 
depression have been suggested to be contagious [5]. Mo-
tivated by this, a number of computational models have 
been developed over recent years that are mostly aimed at 
the spread of negative emotions in large groups of people 
and their effect on behaviour, such as during evacuations 
[6]. 
In a literature review of agent-based mechanisms of emo-
tion contagion, we concluded that empirical validation of 
these models of emotion contagion is lagging behind [6]. 
Moreover, most of the studies that did validate a crowd 
model against real people, compared the actions of people 
in videos to the actions of agents, like movement speed or 
direction [7], [8]. Since behaviour choices depend on nu-
merous other factors besides emotion, this method pro-
vides indirect evidence for the validity of the contagion 

mechanism at best. Above all, establishing rigorous valida-
tion for models with emotionally interactive agents is im-
portant to eventually justify bridging the gap from scien-
tific work to practical use cases, like for event planning, 
crowd management, warning systems and training pur-
poses [9]–[12]. We argue that this should include more di-
rect validation for the spread of emotions in groups, not 
merely action patterns that hint at an underlying emotional 
state. 
What makes it challenging to validate a crowd model at 
the level of emotions, is the difficulty to collect detailed 
and reliable data about the emotional state of groups of 
people. Emotion, as well as entangled factors like person-
ality, are generally seen as private, ethically limiting the 
data collection in the wild without informed consent. Also 
from a technical perspective, there is still an ongoing scien-
tific challenge to reliably track the emotions of large groups 
of people in uncontrolled conditions [13], [14]. A notable 
exception can be found in the online crowd on public social 
media [2]. There, people share their expressions and react 
to others with the knowledge that this will be public, usu-
ally in the form of text, images or videos, which can rela-
tively easily be collected. However, without direct face-to-
face interaction and regulating feedback, it is not clear how 
representative these forms of contagion are for the spread 
of emotion in real crowds [15]. 
An environment that potentially bridges this gap, is that of 
video calls. There, participants are used to their expres-
sions being recorded and shared with others whilst inter-
acting face-to-face, albeit via a screen. We are not aware of 
any studies that have investigated the effectiveness of 
emotion contagion mediated by cameras and screens in 
groups. However, several studies have examined emotion 
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contagion in related settings. Rosenbusch et al. found emo-
tion contagion in live streams on YouTube, where the ex-
pressions of one person are constantly recorded and 
shown, while those who were watching reacted via text in 
a group chat [16]. Mui et al. examined dyadic emotion con-
tagion of an actor to a participant via virtual face-to-face 
contact mediated by webcams and screens [17]. While they 
found smile mimicry by the participants, they did not find 
an increase in the self-reported level of joviality. Hsu et al. 
compared the valence and arousal response measured via 
activity of facial muscles between facial expressions in pre-
recorded video and via a live stream [18]. They found a 
stronger emotional reaction in the participants for live so-
cial interaction via a screen than for the pre-recorded 
video. Other work has also found evidence for mimicry 
and emotion contagion when participants watched emo-
tional expressions in pre-recorded videos or images [19], 
[20]. 
To make a first step towards validation at the level of 
group emotions, the aim of the present paper is to compare 
agent-based simulations of emotion contagion against the 
emotional development of real participants in an experi-
ment via a video call. The participants in this experiment 
play a competitive quiz in two teams via the video call, 
where the emotional state of each participant is annotated 
manually from the recorded video in small time steps. By 
modifying the composition of the virtual environment, dif-
ferent conditions are created with regard to the spread of 
emotions. These conditions include 1) virtually isolating 
the participants to disable emotion contagion, 2) virtually 
grouping the participant per team to allow contagion 
among agents with similar emotional stimuli, and 3) plac-
ing all participants in the same virtual space, allowing con-
tagion among participants with conflicting emotional stim-
uli. Although the groups in this experiment are too small 
to be called a crowd, the context of the experiment could 
be argued to approach a slice of a crowd. This is because 
people with diverse traits, and who are mostly unfamiliar 
with each other, meet by chance in an unfamiliar environ-
ment to interact face-to-face, albeit via cameras and 
screens. Therefore, while individual traits, like gender, cul-
ture and group membership, have been shown to affect 
how emotions are expressed and read [21]–[23], in this in-
itial study we chose not to control for individual traits to 
mimic the stochastic nature of the crowd. 
Since emotion contagion is believed to drive emotional 
similarity [1], we hypothesised that the participants be-
come more emotionally similar over time when they are in 
the same virtual space, forming a collective emotion. In 
contrast, we expected this does not happen when they are 
virtually isolated. Further, we expected that winning a 
quiz round results in a positive emotion, while losing a 
round triggers a negative emotion. Since one team wins 
and the other loses, we hypothesised that when the partic-
ipants are virtually grouped per team, the emotion con-
verges within a team, and the difference between the teams 
increases. On the other hand, when the teams are virtually 
placed in the same space, we expected the emotions of all 
participants to converge to some degree, decreasing the 
emotional difference between the teams. Finally, based on 

literature that finds that there are larger constraints against 
the expression of negative emotions than most positive 
emotions in groups [24], we hypothesised a win is fol-
lowed by relatively strong expressions of positive emo-
tions, while a loss is followed by more diverse expressions 
that are weaker.  
After performing the experiment, simulations with similar 
conditions to the experimental setting were performed us-
ing an agent-based model of emotion contagion. The 
model proposed in the present paper is an extension of the 
model DECADE (Dimensional Emotion Contagion via 
Agent-based Dyadic Exchanges) [25]. The emotional state 
of an agent in this model is defined as a location in a two-
dimensional space of emotion, namely valence and 
arousal. How strongly valence and arousal spread, is de-
termined by the social norms, personality and attention of 
the agents. Beside the process of emotion contagion, the 
proposed model includes processes for generation of emo-
tions due to appraisal of game events (winning or losing) 
and the regulation of emotions over time due to natural 
decay. 

2 METHODS 
2.1 Empirical data 
The empirical data was collected from an experiment with 
small groups of participants that played a quiz via a vide-
ocall on the platform Zoom [26]. The participants were di-
vided over two teams, who competed in the quiz for an 
additional reward awarded to each member of the win-
ning team. The aim of this setup was to elicit an emotional 
response from the participants that was to some degree 
predictable upon hearing the positive or negative result of 
the quiz question. Specifically, the facial emotional expres-
sion of the participant was recorded and annotated around 
them seeing the quiz results to deduce the emotional re-
sponse. From these videos, the valence, arousal and cate-
gorical emotion of the participant were determined for 25 
seconds around the result of each quiz question. Of this pe-
riod, five seconds before the stimulus were examined to es-
tablish a base level of emotion to which the response can 
be related. The duration of twenty seconds following the 
stimulus was determined empirically to include most of 
the emotional responses to the stimuli, weighed against the 
total number of annotations that had to be made. While the 
participants were made aware pretrial that their video feed 
would be recorded, they were not aware of the specific fo-
cus of the study on emotions. Instead, the participants 
were told that the experiment was about group dynamics.  
To zoom in on the effect of emotion contagion, the group 
composition that the participant was exposed to on the 
screen was varied. Each participant was placed alone in a 
room behind a laptop. By digitally placing the participants 
in various virtual rooms, we created three conditions. In 
the first round there was one virtual room per team, allow-
ing the team members to communicate and exchange emo-
tions. In the second round all participants were isolated. In 
the third round all participants were in the same virtual 
room, allowing communication and emotion exchange be-
tween both teams as well as within the team. 
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Each quiz round consisted of two questions about quanti-
tative facts that the participants were unlikely to know, like 
how many bridges there are in Amsterdam. The team with 
the closest answer got a point and this feedback was pro-
vided directly after each question. The researchers were 
not visible or audible to the participants during the exper-
iment. Instead, the communication between participant 
and researcher took place via the chat function of the video 
call. In the first and third round a representative of the 
team answered the question in the chat. In the second 
round, each team member answered the question in the 
chat in isolation, after which the average was taken as the 
answer of the group. 
Further, pretrial the participants were asked to fill in a dig-
ital consent form followed by a personality survey. The Big 
Five Inventory (BFI) was chosen to measure the personal-
ity of the participants [27], as it is widely used, freely avail-
able and its results can be translated to a profile for the 
OCEAN model of personality that is commonly used in 
agent-based simulations of crowds [28]. After the quiz, the 
participants were also asked to fill out a survey that aimed 
to assess their pre-existing relationship with the other par-
ticipants. However, this form was not clear for everyone, 
causing some participants to misinterpret the question. 
Therefore, the effects of the social relationships among par-
ticipants were not analysed in the present study. See Ap-
pendix A2 for a more detailed description of the experi-
ment procedure. We obtained approval of the Ethics Com-
mittee for Information Science for the experiment. 

2.2 Annotation 
To establish a ground truth to validate the model against, 
we manually annotated the facial expressions of the partic-
ipants in the recorded videos. Two researchers inde-
pendently scored the videos of 25 seconds around the pub-
lication of the quiz answer in steps of one second. The di-
mensional emotions of valence and arousal were scored on 
a five-point Likert scale, ranging from very negative to 
very positive for valence, and from very passive to very 
active for arousal. Further, the assessor also assigned a cat-
egorical emotion label. These consisted of nine labels pre-
viously used in DECADE [25], plus the label ‘unclear’.  
The annotations were made using a tool that we developed 
in C++ using the Qt framework. This tool also provided the 
annotators with several reference clips for most of the va-
lence-arousal combinations. These clips were extracted 
from the AffWild dataset that contains a collection of an-
notated videos from YouTube [29]. See appendix A3 for 
more details about how these examples were extracted 
from the dataset. As a pilot, the annotators rated 100 clips 
of one second randomly selected out of the total set of 3150 
clips. They found that rating one-second slices of the vid-
eos in a random order was very difficult because of the 
short length and the missing context. The annotators ex-
pressed that they often felt unsure about their decision and 
the resulting agreement, measured as Krippendorff’s al-
pha [30], was low. This was particularly the case for 
arousal (0.35) and the categorical label (0.39), while there 
was a higher agreement for valence (0.65). Social sciences 
commonly view alpha > 0.8 as a convincing agreement, 

whereas 0.8 < alpha < 0.67 might be accepted to draw ten-
tative conclusions [30]. 
To address this, the annotation tool was redesigned to al-
low the annotator to watch the full 25 second clip alongside 
the one second excerpt from the full clip they are rating to 
provide context for the expression and movement of the 
participant. The annotators expressed that their subjective 
confidence in the rating increased markedly when the con-
text of the full clip was provided. The inter-rater agreement 
also increased significantly, with alpha-scores of 0.81, 0.85 
and 0.63 for valence, arousal and the categorical labels re-
spectively. It should be noted however that the actual 
agreement of the categorical labels is likely higher than in-
dicated by this result. This is because some labels are closer 
to each other than others, like when one researcher scores 
happy and the other pleased, they agree more than when 
they score happy and sad. This can also be seen in Appen-
dix A7 that shows the relation between valence, arousal 
and categorical emotion in the annotations. However, this 
cannot be taken into account when calculating Krippen-
dorff’s alpha as it is not an ordinal relationship, like the va-
lence and arousal scale that were used.  For this reason, we 
chose to show the empirical results for the emotion labels 
despite the low agreement score, but not to use them in 
validating the model. Further, when annotators disagree 
on the valence or arousal score, the average of the scores is 
used for the analysis. 

2.3 The proposed model 
To model the emotion dynamics of the participants, an 
agent-based model of emotion contagion was extended 
with personality, social norms and the appraisal of game 
events. The DECADE model formed the basis for the con-
tagion mechanism among agents [25]. In DECADE, emo-
tion spreads in the form of valence and arousal that to-
gether form the emotional state of the agent. The EEGS 
model (Ethical Emotion Generation System) served as in-
spiration to implement a stepwise structure to simulate the 
process from emotional stimulus to appraisal, integration, 
regulation and expression [31]. However, where the EEGS 
model is based on categorical emotions and focusses in 
higher detail on the appraisal process, for the proposed 
model these steps are simplified and performed in the con-
text of dimensional emotion.  

TABLE 1 
MAPPING OF THE LIKERT SCALES OF VALENCE AND AROUSAL TO 

CONTINUOUS VALENCE/AROUSAL 
 

Annotation Continuous 
0) Very negative/passive -0.8  
1) Slightly negative/passive -0.4 
2) Neutral 0  
3) Slightly positive/active 0.4 
4) Very positive/active 0.8 

The Likert scales were used to annotate valence and arousal of facial expres-
sions. The continuous valence-arousal space is used in the proposed model. 
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As shown in Fig. 1, emotional triggers are first acquired, ei-
ther via inter-agent contagion or cognitive appraisal of ex-
ternal events. From these triggers an emotional response is 
generated, followed by emotion regulation considering the 
social norms of the agent, finally resulting in an emotional 
expression. These steps are influenced by the personality 
of the agent. For this, the personality profile of the agent 
was implemented using the OCEAN model of personality 
[32], also known as the Big Five. For brevity, the discussion 
below is limited to an explanation of the general process in 
each model step. We refer to Appendix A4 for the mathe-
matical implementation of the model. 

2.3.1 Emotion contagion 
In DECADE emotion flows from a set of senders to a re-
ceiver through emotion channels [25]. The same mecha-
nism is used in the proposed model, except that the re-
ceiver does not directly perceive the internal emotional 
state of the sender, but perceives its emotional expression. 
How well the expressed emotion flows from the senders to 
the receiver depends on the susceptibility of the receiver 
for the emotions of others, as well as the physical distance 
and social relationship between the sender and the re-
ceiver. The emotional susceptibility of the agent is derived 
from its personality, following the method used in several 
existing models of emotion contagion [33], [34], which is 
based on the empathy scale by Jolliffe and Farrington [35]. 
Since the experiment took place in a virtual room, the dis-
tance between the receiver and each visible sender on the 
screen was assumed to be equal. Further, we intended to 
set the social relationships among the agents based on the 
social relationships among the real participants. However, 
the survey that was used for this purpose was insuffi-
ciently clear to some of the participants. Since no reliable 
data was collected about the social relationships, the rela-
tions among the agents were set to be equal. 
Next, the different emotions that reach the receiver 
through the emotion channels compete for the attention of 
the receiver, to establish a single weighted emotion. In 
DECADE, the receiver has an attention bias towards more 
emotional expressions, which is based on an empirical 
study that found that people overestimated the emotion of 
others in groups [36]. 

Finally, the weighted emotion is either dampened, ab-
sorbed or amplified by the receiver. In the proposed 
model, this is determined by a social norm for which emo-
tions are acceptable to display in a group. Social norms for 
emotion display are known to vary depending on individ-
ual differences, culture and context, yet the rules against 
displaying joy were consistently found to be less restrictive 
than negative emotions like anger or fear [24]. However, a 
recent study found that this does not apply to all positive 
emotions, as for example less strict display rules were 
found for showing amusement and gratitude than for sen-
sory pleasure or triumph [24]. Thus, although social dis-
play rules are more complex, for the purpose of the present 
study we implemented a simplified version of this concept 
via a parameter in DECADE that controls whether incom-
ing emotions via contagion are dampened, absorbed or 
amplified by the agent [25]. Specifically, this is set such that 
agents have the tendency to amplify group emotion with a 
positive valence, absorb emotion with a neutral valence 
and dampen negative emotions of others. 

2.3.2 Cognitive appraisal of game events 
In appraisal theory of emotion, the process of stimulus per-
ception to cognitive awareness is often divided in two 
steps [37], [38]. The first is a lower-level non-cognitive pro-
cess where first-order phenomenological appraisal takes 
place. It results in a physical response to the event that is 
positively or negatively oriented and forms the basis for 
the following cognitive appraisal. In this second step, the 
desires, standards and attitudes of a person are applied to 
trigger one or more associated emotions. Similar to the 
EEGS model [31], the proposed model simplifies these two 
steps to a single step. 
In the present study we did not test the individual atti-
tudes, desires and standards of the participants to the per-
formed experiment. Instead, we assume there is a univer-
sal goal to win from the other team, as this goal was in-
structed preceding the experiment and incentivised with 
an additional financial reward for the winners [39]. Specif-
ically, the participants received a 15-euro gift card instead 
of a 10-euro card if their team won. Adjacent, we also as-
sume a goal for at least some of the participants to enjoy 
themselves. This assumption is based on literature that 
links social competition in games to enjoyment [40], [41], 

 
Fig. 1. Flow of the proposed model. The purple and blue arrows represent valence and arousal. 
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combined with the voluntary choice of the participants to 
take part in the experiment knowing it would comprise 
playing a quiz with others, while the financial reward of 
winning was relatively low. However, it is likely that there 
is variation in how strongly these desires were present in 
the participants. To represent this variation, the value for 
the cognitive appraisal of an event was drawn from a nor-
mal distribution. For the valence component the winning 
agents draw from distribution that has a positive mean, as 
the event is in agreement to both desires. In case of a loss, 
the goal to win and the goal to have a good time may con-
flict. Therefore, the agent draws from a distribution with a 
neutral mean, meaning that some agents react positively to 
the loss and other negatively. Since emotional arousal acti-
vates processes aimed to cope with both threatening and 
appealing situations [42], we expect arousal to increase ei-
ther when perceiving a win or loss. Therefore, in the model 
the arousal component is always drawn from a distribu-
tion with a positive mean. We find that the directions of 
these assumptions are in line with the initial reactions of 
the real participants, as shown in section 3.1.1. 

2.3.3 Emotion generation 
In the next step the agent integrates the incoming emotions 
as the result of contagion and appraisal into its internal 
emotional state. Personality is believed to influence the 
tendency for a person to experience certain emotions, 
where for example the neuroticism trait has been linked to 
negative affect [43]. For the proposed model, we draw 
from a meta-analysis by Steel et al., who among others 
study the correlations between the OCEAN personality 
traits and the propensity for positive and negative affect 
[44]. The agents multiply the incoming emotions with a 
personality bias toward positive emotions if valence is 
above zero, or else with a personality bias toward negative 
emotions. These personality biases are calculated by mul-
tiplying the personality profile of the agent with the slopes 
found by Steel et al. between each trait and positive and 
negative affect. The result of this is that emotions that fit 
the personality of the agent are inflated, while those that 
do not are deflated to some degree. Then, since the emo-
tional state of the agent is represented as a single point in 
valence-arousal space, the net emotion is calculated by 
adding the valence and arousal of each incoming emotion, 
that was adjusted by a personality bias, to the emotion lo-
cation of the agent. 

2.3.4 Emotion regulation 
The last step in calculating the internal emotional state of 
the agent is in regulating its emotion. In previous work, the 
DECADE model included emotion regulation in the form 
of a decay over time towards a neutral valence-arousal 
state. This was based on the framework of Hudlicka who 
state that emotion decay is more likely to be exponential 
than linear [45]. The exponential decay implemented in 
DECADE results in an immediate and fast decline of emo-
tion after a single stimulus that slows as it approaches a 
neutral state [25]. However, Ojha et al. argue it is more re-
alistic for the agent to maintain an emotion for an amount 
of time, after which it decays exponentially [31]. In line 

with this, a natural decay of emotion was implemented in 
the proposed model in the form of a hyperbolic tangential 
function. This results in the persistence of emotion for 
some time, after which valence and arousal decay with an 
inverted s-curve towards the neutral state, without over-
shooting the axis.  
Further, people differ in how effectively they can regulate 
their emotional state [46]. Part of this variation is linked to 
differences in personality [47]. To simulate this, the maxi-
mum time that an emotion persists in an agent is drawn 
from a normal distribution, of which the mean depends on 
the personality of the agent. For the relation between reg-
ulation effectiveness and personality, we draw from a 
meta-analysis of personality traits and emotion regulation 
strategies by Baranczuk [48]. According to the authors 
three of the six strategies are effective in regulating emo-
tion, namely reappraisal, problem solving and mindful-
ness. These strategies were found by Baranczuk to corre-
late significantly with each of the five traits of the OCEAN 
model. Therefore, to determine the regulation effective-
ness of the agent in the proposed model, the sum is taken 
of each personality trait of the agent, modified respectively 
by the average slope that was found by Baranczuk for the 
three strategies. 

2.3.5 Expression generation 
Finally, once the internal emotional state of the agent has 
been updated, the agent will present its emotional state to 
a certain degree to the other agents as an emotional expres-
sion. How strongly the internal state is expressed depends 
on the personality of the agent. The expressivity trait of an 
agent is calculated by taking the sum of the personality 
traits of this agent modified by the correlations found em-
pirically in study by Gross and John between each person-
ality trait and emotional expressivity [49].  

2.4 Quantitative metrics 
To study the quantitative differences in emotional re-
sponses in groups, we propose four metrics. These are ap-
plied to both the empirical data and the model output from 
the time the result is published at second five, to the end of 
the video at second twenty-five. The metrics are inspired 
by the dimensions described by Gross and Jazaieri [46]. 
The authors discuss patterns in the intensity, duration, fre-
quency and type of both healthy and psychopathological 
emotional reactions of individuals. We could not directly 

 
Fig. 2. The proposed metrics use the Euclidean distance of the agent’s 
emotional state in the valence arousal space towards the origin [0, 0] 
and the direction angle towards the positive valence axis in degrees. 
When the emotional state equals the origin, no angle is calculated. 
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apply these dimensions, as Gross and Jazaieri do not pro-
pose specific metrics and focus on categorical emotion on 
various timescales, while the present study examined di-
mensional emotion on a relatively short timescale. To 
adapt the described dimensions to our use case we propose 
the following metrics: 
1. The duration of the emotional response is measured as 

the number of seconds valence is not within the neutral 
category of the Likert scale (grey area in Fig. 2). This 
purposefully does not require a consecutive series of 
emotion, as this would make it highly sensitive to noise 
in the expression or annotation process. 

2. The emotion intensity is measured as the maximum of 
the distance in valence-arousal space toward the neu-
tral origin [0, 0]. For the present study we assume there 
is a linear relationship between the five-point Likert 
scale for arousal and valence used to annotate the em-
pirical data, and the valence-arousal space used in the 
model ranging from -1 to 1 (Table 1). Hence, each anno-
tation category represents a span of 0.4.  

3. Measuring the frequency of emotion is difficult for di-
mensional emotion and less relevant for the short time-
scale in this study. Instead, we measured the instability 
of the emotional response within an agent. Specifically, 
this is calculated as the variation in the emotion angle 
in the form of the standard deviation (Fig. 2). 

4. The variation in the type of response among agents is 
measured as the absolute difference between the aver-
age emotion angle of an agent and the average emotion 
angle of all agents for a particular condition (e.g. iso-
lated) and stimulus type (e.g. win).  

2.5 Analysis 
The proposed model was implemented in C++ using Mi-
crosoft Visual Studio. The statistical analysis and genera-
tion of figures were performed with RStudio. The annota-
tions and personality profiles of the empirical data are in-
cluded in the supplementary materials. The underlying 
video footage however is not shared for ethical reasons. 
Further, the model code and simulation data are available 
in the supplementary materials, as well as the R and Py-
thon scripts used in the analysis. See Appendix A1 for each 
of the above-mentioned materials. Appendix A5 contains 
the parameter settings for the simulations. 
A qualitative analysis is performed via figures that show 
the average and standard error of the valence, arousal and 
categorical emotional response over time, split per social 
condition (isolated, together per team and both teams 
mixed) and per stimulus type (win, loss). A similar figure 
is made with the emotional distance between the teams for 
each of the grouping conditions. 
A quantitative analysis is performed by statistically testing 
the effect of the social condition and stimulus type as inde-
pendent variables on each of the metrics as dependent var-
iables in the form of a Factorial ANOVA. To meet the nor-
mality assumption for the residuals, a square-root trans-
formation was applied to the intensity and type deviation 
variables. For the instability variable a procedure called 
Tukey Ladder of Powers was used to find the transfor-
mation with the lowest deviation from normality [50], 

which resulted in a power of 0.55. The assumptions for 
normality and homoscedasticity were checked visually, 
while the assumption for no multicollinearity was checked 
by testing whether the variance inflation factors were be-
low the threshold value of three, as suggested by Zuur et 
al. [51]. We found no significant violations of these as-
sumptions, except for the normality assumption of the in-
stability variable, that despite the applied power transfor-
mation still showed a right skew. However, taking into ac-
count that the ANOVA test is reasonably resistant to vio-
lations of the normality assumption if the sample size and 
variance across groups are similar, and that the danger of 
such a violation is of a false positive [52], we conclude that 
the finding of no significant difference for the instability 
variable is justified. Subsequently, we performed Sidak 
post-hoc tests to establish which conditions differed signif-
icantly from each other within a stimulus type (win/loss). 

3 RESULTS 
3.1 Empirical results 
In total 21 people participated in the experiments, divided 
over three sessions with six, nine and six participants per 
session respectively. 62% of the participants was male 
against 38% that was female, and all were either academic 
students or employees. The results of the personality sur-
vey are shown in Appendix A6. We extracted six videos of 
25 seconds per participant (one per quiz question), result-
ing in 126 videos. These videos were annotated by two re-
searchers once per second, resulting in 3150 data points in 
total. 

3.1.1 Emotion development 
Looking at Fig. 3, our general expectation is met, that the 
stimulus in the form of the quiz results, around second 
five, triggers an emotional response that subsequently 
fades over time. Winning the round results in an increase 
in valence and arousal, that is most pronounced when oth-
ers in the virtual room win too, somewhat less pronounced 
when some of the other participants in the room lose, and 
lowest when the participant is isolated. Looking at the cat-
egorical emotions, the mixed and isolated conditions also 
contain a low percentage of negative emotions, despite 
winning the round. In the mixed round this may be the re-
sult of emotion contagion or other forms of interaction 
with the participants that lost. Since in the isolated round 
the team answer is the average of the individual guesses, 
the negative emotions may be a reflection of their own 
guess performance. Another explanation may be a lack of 
stimulation as suggested by the low arousal scores. 
Next, losing the round results in a general increase in 
arousal, while the valence response is mixed within and 
between participants, as also illustrated by the categorical 
labels. In the isolated condition the response among losing 
participants is mixed, with some responding positive and 
others negative, balancing each other out to a net neutral 
response. The initial response of the team condition (from 
second five to eight) is characterised by a net decrease in 
valence. In contrast, during the same time window in the 
mixed condition there is a net increase of valence, where 
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the development looks similar to that of the winning par-
ticipants in the mixed condition. This difference between 
the mixed and team condition, and similarity within the 
mixed condition for the two stimulus types are in line with 
our expectations for emotion contagion, where losing par-
ticipants in the mixed condition are positively influenced 
by their winning counterparts. After this initial response 
however, follows in increase in valence in the team condi-
tion. An explanation for this could be the effect of social 
norms towards a positive attitude in social groups. Look-
ing at the time before the stimulus at second five, valence 
is mildly positive in the conditions where others are visi-
ble, while valence is neutral in the isolated condition for 
this time period. 

3.1.2 Emotional difference between opposing teams 
The differences between the mixed and team condition in 

Fig. 3. are in line with the expected effects of emotion con-
tagion. However, these results are aggregated over multi-
ple sessions and rounds. Therefore, it is not clear whether 
the opposing teams in the mixed condition indeed show 
more similar emotion responses, or whether the similarity 
comes as the result of averaging the rounds. Fig. 4 there-
fore explores the emotional difference between the two di-
rectly opposing teams as the distance in valence-arousal 
space of the mean emotions of the two teams. In the iso-
lated and team condition the difference between the op-
posing teams increases when the stimuli are introduced 
around second five. In contrast, in the mixed condition the 
difference between the opposing teams first increases for 
two seconds before it sharply decreases. This pattern is in 
line with the idea that the participants first have to respond 
emotionally to the stimulus, before they can be affected via 

 
Fig. 3. Emotional development of the participants per condition and stimulus, shown as the mean ± SE for valence (top) and arousal (middle), 
and as the proportion of categorical emotion labels (bottom). 
 

 
Fig. 4. Emotion deviation between the directly opposing teams, shown as the mean Euclidean distance in valence-arousal space ± SE. 
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contagion by the emotions of others, which in turn causes 
the opposing emotions of the participants to become more 
similar. 

3.1.3 Quantitative metrics of the emotional response 
As shown in Fig. 5A, the conditions where participants 
were grouped with others resulted in a longer emotional 
response, compared to the isolated condition that did not 
depend on stimulus type. This suggests a form of social 
feedback for emotion expressions in groups, that maintains 
or reactivates the response. Important to note is that the 
duration may have suffered from a ceiling effect. For a 
share of the participants in the team condition (47% win-
ners, 6% losers) the maximum duration for the chosen 
timeframe was measured. This potentially obscures a 
larger difference in duration between the team and mixed 
condition, as no participants in the mixed condition 
reached this ceiling.  
The results for emotional intensity in Fig. 5B are similar to 
those discussed in the qualitative analysis of the dynamics, 
where the most intense response comes from winning par-
ticipants grouped with their team. Being placed together 
with fellow losing participants results in an intermediate 
intensity, while the isolated participants show the least 
strong expressions.  
Only a trend was found for the effect of the condition on 
the instability of the emotional responses. The trend as 
shown in Fig. 5C is in line with our expectations that iso-
lated participants would show more stable emotional re-
sponses than participants in groups due to the emotional 
influence of the other participants. However, also in the 
isolated condition emotional instability was found. Since 
emotion contagion was not operational in the isolated con-
dition, this indicates that there were other factors that 
caused the angle of emotion to vary. 
Looking at Fig. 5D, the variation in emotion type among 
participants is higher when participants are isolated, com-
pared to when they are placed with others, though this dif-
ference is not significant for the losing participants. This 
pattern matches our expectation that emotion contagion 
tends to converge emotions in groups, resulting in a collec-
tive emotional state. An explanation for the weaker effect 
of emotion contagion following the negative stimulus may 
be individual differences in the adherence and coping 

strategies for the social norm against the display of nega-
tive emotions, hindering the formation of a collective emo-
tion. 

3.2 Model validation 
The proposed model was configured such that the agents 
matched the participants in the experiments in how they 
were distributed over the virtual rooms and teams, who 
won and lost, and in their personality. Each configuration 
was simulated ten times as the proposed model contains 
stochastic factors, like in the appraisal of the game events 
by the agents, resulting in 180 simulations in total.  Further 
the model was run with emotion contagion (fullModel), 
and without (noContagion) as a baseline comparison.  
When comparing the dynamic response, the simulations 
with the full model reasonably match the patterns in the 
valence dimension of the real participants (Fig. 6). The 
most notable deviation is the lower valence of the winning 
agents in the mixed condition, compared to the real partic-
ipants. Where the winning agents emotionally converged 
to high degree with the losing agents in this condition, the 
real participants seem to pertain some of the effect caused 
by the difference in stimuli. Conform our expectations, 
when emotion contagion is disabled in the model, the re-
semblance to the real participant significantly decreases in 
the grouped conditions.  
When looking at the arousal dimension in Fig. 6, the gen-
eral patterns that hint at emotion contagion in the empiri-
cal data are also found in the model output, like the 
stronger response in the winning team condition com-
pared to the mixed condition. However, the simulated 
arousal response deviates markedly in the decay speed 
and the base level of arousal. For real participants, arousal 
(range -1 to 1) often started and sometimes ended well be-
low zero in the examined timeframe, while the decay func-
tion in the model is aimed at a neutral state, which is de-
fined as zero arousal [53]. An explanation for this may be 
that the model does not consider that the absence of stimuli 
leads to a lower arousal state, which translates to categori-
cal emotions like boredom or sleepiness. Alternatively, it 
may be that the annotators rated the absence of expression 
and movement as a low arousal state, even though inter-
nally the agent was aroused. An indication along these 
lines may be that the lowest arousal across conditions is 

 
Fig. 5. Quantitative measures that describe the emotional response, given as the mean ± SE per condition and stimulus type. The result of the 
post-hoc tests are shown as stars, that indicate significant differences (p < 0.05 (*), 0.01 (**), 0.001 (***)) between conditions within a stimulus 
type (win/loss). For instability no significant effect was found for stimulus type or condition, thus no post hoc test was performed. 
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recorded upon the publication of the result around second 
four. Here, reading the message requires concentration 
and lack of movement that may have been interpreted by 
the annotator as a low state of arousal. 
Even though the model reasonably resembles the average 
patterns in valence and arousal that indicate emotion con-
tagion in the empirical data, when comparing the four 
quantitative metrics between the empirical data and model 
in Fig. 7, it becomes clear that the responses of the agents 
are less varied than those of the real participants. This is 
most obvious in the amount of variation within the indi-
vidual responses (Fig. 7C). It shows there is more instabil-
ity within participants than in the agents across conditions. 
Still, the expected pattern that the isolated condition is rel-
atively more stable than the group conditions due to the 
emotional influence of the other participants, is found in 
both the agents and real participants. Similarly, the ab-
sence of additional factors from the model that result in 

more individual variation in real participants may explain 
why the absolute duration, intensity and type deviation 
are all lower in the model compared to the empirical data, 
yet many of the relative differences among the conditions 
in the model follow a pattern similar to the real partici-
pants. This is not the case when emotion contagion is disa-
bled in the model. 

4 DISCUSSION 
The aim of the present paper was to compare an agent-
based model of emotion contagion, against the emotional 
development of groups of real people, who interacted face-
to-face via a video connection in the context of a competi-
tive quiz. With this objective, the first step was to test 
whether the emotional development in real groups 
matched the hypotheses based on the theory of emotion 
contagion. Congruent with our expectations, the combined 

 
Fig. 6 Comparison of the four quantitative measures that describe the emotional response among the real participants, the full model and the 
model without emotion contagion, given as the mean ± SE per condition and stimulus type. 
 

 
Fig. 7. Emotional development of the participants (red) and agents with emotion contagion (green) and without (blue) per condition and stim-
ulus. This is shown as the mean ± SE for valence (top) and arousal (bottom). 
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results show that the emotional responses in the experi-
ment converge in groups. While emotion contagion has 
been found to be operational in a broad range of environ-
ments [2], [54], to our knowledge, these results show the 
first tentative evidence for emotion contagion via video 
calls in groups. This is important because the video call en-
vironment offers the possibility to record the face-to-face 
exchange of emotion in groups in a controlled setting, 
thereby providing a way forward to empirically validate 
models of emotion contagion. However, it should be noted 
that further study is required to draw more substantive 
conclusions, because of the relatively low number of trials 
and limitations with regard to the fixed order wherein the 
conditions were tested. Moreover, it is important that the 
context of the findings is taken into account. While this 
study did not explicitly control for individual traits, the 
participants were diverse in terms of gender and cultural 
background, yet similar in age range and level of education 
(primarily university students). The experiment was con-
ducted physically in the lab, and as participants were 
placed in separate rooms, the unfamiliar environment and 
presence of strangers may have altered or dampened emo-
tional expression, compared to other contexts where peo-
ple are more at ease. Further, even though a high agree-
ment was found for dimensional emotion between annota-
tors, who differed in gender and age, commonalities like 
their cultural background may have coloured their obser-
vations. While it can be argued that it is the subjective ex-
perience of emotional expressions that drives emotion con-
tagion, and therefore should not be ignored, it further 
highlights that the conclusions are preliminary. 
Next, to empirically validate an agent-based model of emo-
tion contagion, called DECADE, simulations were per-
formed with conditions similar to the real experiment. 
Comparing the simulations to the real participants, we 
found that the agents reproduced many of the patterns that 
were found in the real participants. When emotion conta-
gion was disabled in the model, the resemblance decreased 
substantially. However, while the relative differences 
among the conditions in the full model resembled the em-
pirical study, in absolute sense there was a significant gap. 
The agents were emotionally more stable and similar to 
one another than the real participants. An explanation for 
this may be that the agents start each simulation emotion-
ally neutral and only a single stimulus is considered per 
trial (winning or losing). In reality, the participants have 
diverse emotional histories and may have experienced ad-
ditional internal or external stimuli, resulting a more intra- 
and interpersonal diversity in the emotional response.  
Another aspect that may be worth exploring further is reg-
ulation due to social norms and ethical values. A form of 
emotion decay toward a neutral state is frequently consid-
ered in agent-based models of emotion contagion [6], in-
cluding the proposed model. Additionally, we imple-
mented a regulatory effect of social norms via the amplifi-
cation-dampening tendency that was already part of the 
contagion mechanism of DECADE. In the proposed model, 
intense positive emotions are amplified more than weak 
positive emotions, while stronger negative emotions are 

dampened more than weaker negative emotions. Alt-
hough we found that this simple mechanism to some de-
gree captured the dynamics of the real participants, it is 
likely not suitable for many other scenarios. This mecha-
nism for example ignores common wisdom that intense 
positive expressions are not always appropriate, nor does 
it distinguish between which types of positive emotion are 
appropriate. Instead, the applicable social norm with re-
gard to emotions is known to depend strongly on individ-
ual traits and contextual features [55], [56]. To eventually 
develop agents that can function a broad range of social 
environments, future work may seek to combine emotion 
contagion with a more sophisticated regulation mecha-
nism that includes social norms. A pioneering example is 
found in the work by Balint and Allbeck [57], who combine 
emotion contagion with emotion regulation via masking 
and substitution.  
Further, there are several factors that were not examined 
in the present study, yet have been hypothesised in litera-
ture to influence the process of emotion contagion. These 
include the effects of cultural background and diversity 
[58], [59], group identity [60] and pre-existing social rela-
tionships [61]. We attempted to measure the latter factor 
for the present study using a digital form, that asked the 
participants how well they knew each of the other partici-
pants on four levels before the start of the experiment. 
However, the form design proved unclear, as some partic-
ipants interpreted the question to ask for their estimate of 
the relationships between other participants, instead of 
their own relationship with others. Future work could use 
the proposed methodology to test assumptions of compu-
tational models of emotion contagion for the effect of emo-
tional subgroups and crowd composition on spread of 
emotions [6]. 
In conclusion, validation of models of emotion contagion 
at the level of emotions remains a steep challenge, espe-
cially in large uncontrolled group settings. To make a start, 
this study demonstrated a novel methodology for empiri-
cal validation in a controlled setting in which small groups 
interacted via a video call. While the manual annotation 
process was manageable for the limited number of trials 
with small groups, it likely is too time-consuming for 
larger groups and data sets. Automated emotion recogni-
tion based on machine learning is an active field that in the 
future may provide a solution, yet to our knowledge there 
is currently no consensus on whether the state of the art in 
automated emotion recognition can accurately and ro-
bustly replace human annotation of emotions, especially in 
uncontrolled conditions [14]. The obtained data set and 
methodology in the present study provide an interesting 
opportunity for future study to test and compare emotion 
recognition models, as we hypothesise that while a real-
world application, the semi-controlled conditions of the 
experiment are relatively favourable. This is discussed in 
more detail in appendix A8, where we also report a first 
exploration of the relation between automatically recog-
nised facial motion using the OpenFace2 toolkit [62] and 
the human annotations of valence and arousal. 
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