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Abstract 

Events in which human safety is at stake, such as evacuations or riots, are 
sensitive situations. In such safety-critical circumstances, each decision 
can be crucial for a favourable outcome of the situation. Moreover, 
people have a direct influence on others around. Staff members such as 
police officers or ambulance personnel, play an important role. They are 
a reference to others. Everything they do may impact others. Therefore, 
it is crucial that they behave effectively in managing situations and 
people. Constant training of the communicative capacities of staff 
members enables them to minimise negative impact in safety-critical 
circumstances. Still, in many situations training is costly, not uniform in 
terms of quality and not scalable. These restrictions limit the staff 
members’ preparation for unusual situations. 

The aim of this thesis is to study the impact of staff in safety-critical 
circumstances and explore how intelligent agent technology can be used 
to train staff by enhancing their interpersonal skills and consequently, 
improving their abilities in managing people and undesirable events. The 
first part of this thesis introduces the problem, explains the research aim 
and research method used. Part two covers the use of agent-based 
simulation to investigate the interpersonal dynamics in evacuations. It 
focuses on the influence of social and emotional aspects on the dynamics 
among people and the impact of the staff in this context. Part three 
explores the potential and limitations of artificial intelligence techniques 
to infer emotions and interpersonal stances in order to be applied in 
training systems to enhance interpersonal skills of people, in particular 
for training staff. Part four gives an overview of applications developed 
for training of professional social skills. This part presents a number of 
practical training applications for different domains which were 
developed using the tools and algorithms put forward in part three. Part 
five discusses the advantages and limitations of using agent technology 
to simulate and train the social skills of staff members in safety-critical 
circumstances. It finishes with a description of the main contributions of 
this thesis and future work. Overall, the work is situated in the 
intersection of agent-based simulation, artificial intelligence methods to 
recognize human emotions, and simulation-based training systems 
applied to developing people’s social skills. It provides innovations for 
modelling crowd behaviour and presents practical applications of 
simulation-based training systems for teaching social skills. 
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CHAPTER 1: Introduction 

1.1 Motivation 
Interconnectivity among people has developed in the course of human 
evolution. In the past, living in groups helped our ancestors to survive, 
but nowadays, societies are organised via complex networks of relations. 
Emotions and interpersonal stances are important elements in this 
context. Emotions are invariably involved in our daily decisions, while 
interpersonal stances are the way in which we show our emotions and 
desires, and transmit our intentions to others. Both factors impact 
relations in our private life and at work, and influence our behaviour, 
especially in high-pressure situations.  

Emotions and interpersonal stances have an even greater impact in 
safety-critical circumstances, which are situations characterised by a 
relatively high risk of accidents, high states of arousal, and sometimes, 
the emotional involvement of people. These can range from small 
incidents that are managed via discussions and groups of protesters to 
more serious and large-scale incidents for which actions must be taken 
to prevent illegal activity, evacuate people and control crowds, and limit 
violence. In these situations, which are central in this thesis, people are 
often stressed, and their decisions become less rational and more 
impulsive, which can escalate problems related to the situation. In these 
cases, the behaviour of staff members (such as police officers, 
firefighters, security guards and public transport employees) plays an 
important role to minimise problems; for such professionals, each 
decision, attitude, and oral command is crucial. Another particularity of 
these safety-critical circumstances is that in many cases, it is difficult for 
a person or small group to take control of the situation. Normally there 
are diverse groups involved in these situations such as families, friends, 
supporters of various teams, and group of tourists. Each group may take 
independent action, and even each individual may make a different 
decision, such as to stay in one place, move to another, continue to 
discuss a matter with someone else, run, or behave violently. However, 
each individual person has limited control of the situation as a whole, 
and while the authorities have the ability to control situations if they act 
correctly, security workers in crisis situations often make ad hoc 
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decisions that are suboptimal [1], [2]. This is particularly true in cases 
when they are not present at the beginning of a situation, when they 
cannot cover the entire area in question, and when there are a very large 
number of people present. In these situations, the authorities can follow 
certain procedures, and refrain from wielding excessive power to 
suppress unwanted activity. 

In both one-to-one and one-to-many interactions, attitudes towards the 
other party have a significant impact on the person or group of people 
that must be controlled. For instance, if one demonstrates weakness, 
fear, or excitement, this can be construed as an invitation to others to go 
ahead with what they want to do, increasing the tension and 
consequences of the problem at hand. This has a deep impact, especially 
for the authorities. In safety-critical situations, everyone pays attention 
to these authorities, and their attitudes will have a significant positive or 
negative impact on others. In the case of a crowd or group of people, 
these attitudes may even be disseminated among the population [3], [4], 
which makes authorities important stakeholders in safety-critical 
circumstances [5]. 

Avoiding or minimising problems and undesirable consequences in 
safety-critical situations tends to minimise negative outcomes, and save 
resources and even lives. It is therefore necessary to ensure that people 
are prepared to deal with these situations to limit the negative 
consequences of undesired events. At the same time, those who are 
frequently involved in safety-critical situations are members of staff, who 
can sometimes act quickly to stop a problem from escalating. Hence, 
adequate training of staff members is essential: they need to possess the 
skills to show the appropriate verbal and non-verbal behaviour towards 
citizens in safety-critical situations. However, while training is beneficial, 
it is typically costly, variable in terms of quality, and not scalable. These 
constraints limit companies’ ability to prepare staff to deal with unusual 
situations. There are, however, other ways of training staff and making 
them better prepared to manage safety-critical situations. In particular, 
simulation-based training has recently been proposed as a promising 
alternative [6].  

The main aim of this thesis is to explore the potential of agent-based 
modelling and simulation as an instrument to improve training of 
security personnel. The agent paradigm is used in two different ways: 
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first, multi agent-based simulation is used to study the dynamics of 
crowds in safety-critical scenarios, with an emphasis on understanding 
the social and emotional aspects of agents’ interactions. By using such 
techniques, this thesis is expected to give rise to a better understanding 
of the role of staff in safety-critical circumstances, and their importance 
in minimising problems. In addition, the use of intelligent virtual agents is 
explored as a tool for training of communicative skills of employees. In 
particular, algorithms are designed to automatically infer emotions and 
interpersonal stances from behavioural cues (in particular vocal signals), 
and are combined with serious game elements to train people in general 
and staff in particular to improve their social skills.  

1.2 Background 

1.2.1 Behavioural and Emotional Theories 

There are many factors that influence the generation of emotions in 
humans. Emotions are normally triggered by events, and they are 
instinctive and visceral; they come and go quickly. Less frequency, they 
can remain stable for longer periods, and normally, various emotions are 
mixed together at the same moment. The academic discipline that 
studies how computers can recognize and simulate emotions, introduced 
in the 1990s by Picard, is called affective computing [7]. In the literature 
on affective computing, three theoretical views can be distinguished. 
Firstly, categorical theories are based on the assumption that there is a 
limited set of basic emotions categories. Secondly, dimensional theories 
view emotions as states that can be represented as points within a 
continuous space, defined by two (or three) dimensions, namely valence 
and arousal (and dominance) [8], [9]. Arousal refers to a general degree 
of intensity, while valence indicates the level of pleasure. An example of 
a dimensional theory is Russell’s Circumplex Model  [8]. The author has 
related various positions in a two-dimensional space to 28 words that 
give meaning to the main emotions. Thirdly, componential theories 
highlight the role of the various components that play a role in the 
emotion-generation process, such as the desirability and likelihood of the 
events that trigger the emotion, cf. appraisal theory [10]. The theories 
can be roughly mapped to each other, meaning that a representation in 
the dimensional approach can be translated to the categorical approach, 
and vice versa. This paper mainly employs the categorical perspective 
due to its practical appeal, and because categorical labels can be more 
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easily understood and captured by people through subjective 
experiences than the dimensional approach [11]. More information 
about the categorical approach used in this thesis (assuming a fixed 
number of basic emotions) is provided in Section 1.2.1.1. 

Emotions also have an effect on our reactions towards others, and 
therefore another area of research addresses the interpersonal stance 
people take in one-to-one or one-to-many conversations. For this aspect, 
the Interpersonal Circumplex theory developed by Timothy Leary 
(sometimes called Leary’s Rose) [12] will be used in this thesis. Details of 
this theory are provided in Section 1.2.1.2.  

1.2.1.1 Basic Emotions 

Ekman proposed a categorical theory that is based on the assumption 
that there is a limited set of basic emotions [13], suggesting the 
categories of joy, sadness, fear, anger, surprise, and disgust, with all 
other emotions deriving from these basic ones. The categories are 
distributed in a circle, implying similarities between neighbour emotions. 
However, there are other proposed extensions to and variations on the 
basic emotion categories [14], and Ekman extended his theory by 
including amusement, awe, contentment, desire, embarrassment, pain, 
relief, and sympathy in both facial and vocal expressions [15]. Cowen and 
Keltner claimed that the boundaries between the categories of emotion 
are fuzzy, rather than discrete [11], but despite disagreements about the 
number of categories and which are the basic emotions, the original 
theory proposed by Ekman is widely known and accepted. Over the 
years, several works have been developed on the domain of the classic 
six basic emotions, and this thesis follows the same approach to explore 
interactions among people, and the use of computational techniques to 
infer emotions, in order to train people’s social skills. 

1.2.1.2 Leary’s Rose 

Emotions are related to what we feel internally, but due to social rules 
and self-interest, on many occasions, people hide their emotions, while 
on others, they assume poses that conform to their emotions, or even 
are based on an intention to transmit a message to others. The posture 
assumed is called an interpersonal stance, and can be defined as ‘the 
ways in which speakers and writers linguistically demonstrate their 
commitment to or attitudes about a person or proposition’ [16]. A widely 



CHAPTER 1: Introduction  17 

used theory on interpersonal stance is Leary’s Interpersonal Circumplex 
[12], [17], which states that someone’s behaviour during interpersonal 
communication can be represented according to a two-dimensional 
circumplex defined by affiliation (positive versus hostile, or ‘together 
versus opposed’) and control (dominant versus submissive, or ‘above 
versus below’). The circumplex can be divided into discrete categories 
such as competitive, leading, helping, cooperative, dependent, 
withdrawn, defiant, and aggressive. The above behaviour is typically 
associated with a dominant attitude in which one individual takes the 
initiative. The theory also asserts that the stance taken by one person 
will influence those taken by others in a group; for instance, if one 
person displays dominant behaviour, the other will tend to automatically 
adopt a more submissive stance (and vice versa). In contrast, the stance 
taken according to the ‘affiliation’ axis triggers the same stance: together 
behaviour triggers together behaviour, and opposed behaviour triggers 
opposed behaviour [17]. In contrast to theories on emotion, there are 
few well established alternatives to Leary's theory. As a consequence, 
despite it being only a theory, Leary’s Rose is widely used by training 
companies to help people develop social skills in the workplace. 

1.2.2 Computer Science Techniques 

Of the various strategies employed to mitigate undesirable incidents in 
safety-critical circumstances, this thesis focuses on using techniques 
from computer science, and more specifically artificial intelligence. First 
of all, this includes techniques to simulate potential crowd evacuation 
scenarios in which staff are especially relevant to manage the crowd. In 
[18] and [19], the authors analyse the behaviour of regular staff in stores, 
and find that adequate staff behaviour is crucial in starting necessary 
evacuation procedures, while inappropriate staff behaviour can cause 
long delays. To better understand the influence of staff in a crowd and 
their impact on the eventual outcomes of evacuations, in this paper, 
multi-agent based simulation is used to simulate the dynamics of a 
crowd, when staff members are or are not trained to deal with the 
situation at hand. 

Another goal of this thesis is to explore the potential of computer 
simulation in order to train staff to be effective in interpersonal 
communication. To meet that aim, classification algorithms are used to 
infer the emotions and interpersonal stances of people for the purpose 
of building tools to train them. The training part also makes use of the 
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agent paradigm, but in a different way, namely by deploying agents as 
conversation partners in human-machine interactions. See subsection 
1.2.2.1 for more details about how agents can be used in crowd 
simulations. Subsection 1.2.2.2 delineates how agents can be applied in 
human-machine interactions, while subsection 1.2.2.3 details the 
emotion recognition techniques that are used for this. 

1.2.2.1 Crowd Simulation 

There are many approaches that can be taken with regard to crowd 
evacuation simulations, of which Zheng et al. [20] describe seven: (1) 
cellular automata; (2) lattice gas; (3) social forces; (4) fluid dynamics; (5) 
agent-based; (6) game theory; and (7) animal experiments. In 
microscopic models (e.g. cellular automata, lattice gas, social forces, and 
agent-based models), the pedestrian is modelled as a particle, while in 
macroscopic models (e.g. fluid dynamics), a crowd of pedestrians is 
modelled as a fluid. Zheng et al. [20] concluded that in further research, 
evacuation models should: (1) combine different approaches, and (2) 
incorporate psychological and physiological elements.  

Agents are considered to be intelligent entities with beliefs, desires, and 
intentions (BDI). An agent is capable of interacting with objects and other 
agents in the world where it is restrained. It is also influenced by objects 
in its environment [21]. According to the BDI paradigm, agents are not 
purely reactive, but rather show behaviours according to their internal 
mental states and characteristics. The work described in this thesis 
combines agent-based modelling and social forces. To achieve this, social 
elements have been added as part of agents’ characteristics.  

The agents’ behaviours, including the social elements linked to their 
personalities, were designed via a network-oriented modelling technique 
[22] characterised by a network of relations and a combination of 
functions that connect the nodes of a network. Each function is 
implemented as a rule based on statistical data, or psychological or social 
assumptions derived from the literature. Each node is influenced by one 
or more other nodes to which it is connected, and through a 
combination function, the nodes update their states and transmit their 
new values to subsequent nodes connected to them. 
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Figure 1 showcases an example of a connection between nodes. The 
node belief_dangerous receives four inputs, each of which carries a 
value, including the belief_dangerous node. The values are combined in 
an aggregation function that is specific to the model. In this case, the 
node belief_dangerous is activated according to the rule of Equation 1. 
The value at the next time point is defined by the current value of the 
node plus the speed factor ( ), multiplied by the maximum value among 
the four inputs, minus the current value of belief_dangerous. The box 
below details the example. 

The activation of each node is propagated through the network until a 
final node is achieved that represents an action of the agent [23]. This 
results in agents that have their own personalities, and act 
independently of each other, influencing other agents and in turn being 
influenced by events in the environment. 

 

FIGURE 1: EXAMPLE OF A NETWORK-ORIENTED MODELLING APPROACH 

 

                       
                                                        

                      

                                                      
                         

Equation 1 
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The connections are weighted according to the importance of each 
internal state, and a speed factor related to the attributes of the 
connection. The process begins with input values originating from the 
environment of the agent. In the example given above, observation_fire 
and observation_alarm are clearly binary inputs perceived by the agent, 
while observation_others_belief_dangerous is the result of another 
state that was not depicted in the figure. This last state assumes float 
values of between 0 and 1.  

The node observation_others_belief_dangerous can aggregate the fear 
observed by using a general rule stated in psychology for this 
phenomenon of observing fear, such as assuming the fear state of the 
most dominant person around. Alternatively, it can be based on 
statistics about human behaviour that combine trends related to age 
and gender, such as if the level of others’ fear is sensed as high by 
females aged between 15 and 18, if there is at least one person 
expressing fear, or for other groups such as males aged between 30 and 
33, the sensation of fear is proportional to the number of people where 
fear is observed.  

1.2.2.2 Intelligent Virtual Agents 

Another type of agents employed is this thesis is the so-called intelligent 
virtual agents (IVAs). They are ‘intelligent digital interactive characters 
that can communicate with humans and other agents using natural 
human modalities like facial expressions, speech, gestures and 
movement’ [24]. IVAs are used for a variety of purposes, including 
entertainment, education and training, therapy, e-commerce, and 
science. 

This thesis uses the IVA paradigm as an instrument to develop training 
applications for professionals in the security domain, allowing them to 
practice their communicative skills. Throughout the thesis, a variety of 
virtual agents is used to train people. All of them make use of at least 
one input modality, for instance in the form of text, voice signals, or 
multiple-choice menus. Two of them are embodied as human-like 
avatars, expressing visual reactions in response to user actions; one of 
them is a chatbot, and yet another one uses a graph-like interface. Some 
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are purely reactive, meaning that they react to the user input through 
fixed mathematical rules, while others present more complex behaviour, 
e.g. using dialogue trees or computational models to reach their goals. 

1.2.2.3 Emotion Recognition 

The area of affective computing, as mentioned earlier, addresses the 
study of computer systems that can recognise, interpret, process, and 
simulate human affects [7]. Since its birth in the 1990s, the role of 
emotions (and related mental states) within human-computer 
interaction has received increasing attention. Indeed, computers that are 
able to recognise and respond to the emotions conveyed by their users’ 
behaviour are often claimed to be more efficient, effective, and 
enjoyable [25]. Recognising affects in the behavioural signals of users can 
be done through a variety of sources, including physical appearance, 
gestures and posture, face and eye behaviour, and voice [26]. 

This thesis focuses on the automatic analysis of vocal signals in the user’s 
speech, and in particular on prosody. Prosody accounts for how a 
particular utterance is spoken, and is made up of three main aspects: 
pitch, tempo, and energy [27]. In recent years, thanks to rapid 
advancements in artificial intelligence, numerous models have been 
developed that can classify spoken sentences into discrete categories of 
emotion, such as the set of basic emotions [14] (see  [28] for an 
overview). Furthermore, more specific elements can be detected based 
on automated prosody analysis such as interpersonal stances [29]–[31], 
aggression [32], laughter [33], and stress [34]. 

Emotion recognition based on vocal signals is done through classification 
algorithms such as neural networks, support-vector machines, random 
forest, linear regression, and logistic function; see [28]. Typically, there 
are two important steps in this regard; firstly, to extract the features, and 
secondly, to classify the samples based on the feature extraction. 
Recently, deep-learning methods avoid feature extraction by performing 
the classification directly on the samples; see [35]. 

In this thesis, emotion recognition techniques are used in combination 
with the IVA paradigm introduced above. This way, interactive agents are 
developed that are able to respond intelligently to the emotions 
conveyed through the user’s voice. 
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1.3 Research Objective and Research Questions 
The main goal of this thesis is two-fold. Firstly, it aims to better 
understand the influence of good social skills of staff members on the 
outcomes of safety-critical scenarios (in particular evacuation scenarios), 
and secondly, it seeks to develop tools for improving the social skills of 
professionals in safety-critical domains. To achieve both goals, virtual 
agents have been adopted. To understand the dynamics of evacuation 
scenarios, agent-based simulations are used. To train the social skills of 
professionals working in this domain, interactive virtual agents are used. 
More specifically, the research questions of this work are: 

RQ 1. How can we analyse the dynamics of crowds in safety-critical 
circumstances, while taking social, cognitive, and emotional aspects 
of behaviour into account? 

Few data are available from studies of the dynamics of crowds in safety-
critical circumstances. Typically, researchers study a collection of real-
world cases or ‘real-world simulations’ to extract statistical patterns of 
crowd behaviour, and then create models based on those data. This 
brings general behaviours to light, while information about social, 
cognitive, and emotional aspects is disregarded. Moreover, these models 
often do not consider several aspects that occur in real-life situations, 
such as minor physics forces, a number of objects normally present in 
environments, emotional relations among people and the emotional 
impact of events on people. If we add social, cognitive, and emotional 
aspects to the models, then we are in a position to offer more realistic 
insights into human behaviour in safety-critical circumstances, and to 
understand what would be the best interventions; this is best achieved 
by considering the agents in a simulation as human beings, and not as 
particles neatly exiting an environment. Some important challenges in 
this regard are how we can incorporate social, cognitive, and emotional 
aspects, how we can validate the models and, after validation, how we 
can study the impact of the various aspects involved. 

RQ 2. How can we study the impact of staff members’ social skills on 
safety in critical circumstances? 

There are a number of published studies based on safety-cameras’ 
records about the relationship between staff and citizens in safety-
critical circumstances. Again, such studies are useful but nevertheless 
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limited in that they do not evaluate differences in staff members’ 
abilities to lead people to the point of egress of unsafe areas, or calm 
them down. It is equally difficult to explore the outcomes of events if 
more staff are present, or if they are distributed differently over an area, 
and it is hard to find answers for each particular situation. Do the staff 
members really make a difference? What is the ideal number of staff, 
and how much should companies invest in training to guarantee an 
adequate level of safety? To answer these questions, a novel crowd 
simulation model has been developed. It focusses on the interaction 
between staff members and regular citizens. 

RQ 3. To what extent can we use artificial intelligence algorithms to 
detect emotions and interpersonal stances in people’s voice signals?  

A great deal of research has been done in this field, not only in terms of 
voice but for all human modalities. Nevertheless, there is still much to 
uncover about human emotions and interpersonal stances. For voice 
alone, it is still unclear to what extent we can develop effective 
generalised algorithms to recognize interpersonal stances, and how 
much data is required to make good inferences. Another question that 
will be addressed is whether current algorithms and available data inputs 
are sufficiently precise to be applied in practical (training) applications? 

RQ 4. To what extent can intelligent virtual agents help to enhance 
people’s social skills in safety-critical circumstances? 

The use of IVAs for training is not new, in that they have been used in 
several simulation-based training applications. Nevertheless, professional 
social skills training is still a relatively novel application domain, and little 
is known about the effectiveness of IVA for this purpose, particularly in 
safety-critical circumstances. The thesis advances a little more in this 
area by exploring the usability and effectiveness of IVAs for social skills 
training. 

1.4 Thesis Organisation 
The work presented in the rest of this thesis is a collection of various 
articles (cumulative thesis). Most have been published elsewhere and 
are reprints of refereed papers, with a few exceptions. Furthermore, 
some other changes have been made for consistency in style and 
formatting. 
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Because each chapter is comprised of independent pieces, some 
chapters can be skipped without the risk of losing the entire thread of 
the thesis. There is some overlap between sections, while some topics 
are recurrently explained in different manners, according to the angle 
relevant to the issue at hand. This allows the reader to skip redundant 
parts of the chapters, while even with independent chapters, there is a 
logical structure that underlies the nature of the various parts and 
chapters. 

Part I of this thesis contains the present introduction. The second part of 
this thesis focuses on modelling and simulating crowd dynamics, with an 
emphasis on how emotions are transmitted through a crowd. It also aims 
to investigate the impact of staff with various levels of social skills on a 
safe evacuation. Chapter 2 reviews the existing tools for crowd 
simulation. Here, advantages and limitations of each approach are 
discussed, and possible improvements to the tools are suggested. 

As a first step to answering RQ1, Chapter 3 offers an extended review of 
human behaviour patterns that are relevant for crowds, ranging from 
physical aspects such as the average speed of males, females, adults, 
children, and the elderly to socio-cognitive aspects such as the chance of 
people choosing to stop their own evacuation to help someone in need, 
or whether a mother chooses to evacuate, although one of her sons is 
missing. It also includes emotional aspects related to psychology and 
sociology to compute the internal behaviour of each agent; for instance, 
the decision to evacuate is triggered by a combination of several factors 
such as observation of fear in others, confidence, and knowledge of the 
environment. The chapter proposes a new evacuation model that 
includes such social, emotional, and cognitive aspects, and explores the 
impact of these aspects on the dynamics of crowd evacuation. Then, the 
model is further tuned based on statistical data and social psychological 
knowledge, before it is validated based on a complex benchmark 
scenario. In the next stage, systematic simulations are run to study the 
effect of variations of factors on the agent population and their 
characteristics. Complementary information about the model can be 
found in [36], while additional details about the validation are described 
in [37]. Next, to answer RQ2, Chapter 4 extends the model by adding 
staff members to the agent population. Hence, this chapter 
systematically studies the influence of staff members on crowd 
evacuation, and considers several aspects such as the differences 
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between trained and untrained staff, security-trained and regular staff, 
and the quantity of staff and population. One of the conclusions of these 
simulations is that staff members’ ability to quickly communicate 
evacuation instructions to citizens indeed has a substantial influence on 
successful evacuations. This is a nice bridge to Part III and IV of the thesis, 
which focus on developing tools to improve the social skills of staff 
members. 

To answer RQ3, the third part of the thesis explores how artificial 
intelligence algorithms can be used to measure emotions and 
interpersonal stances in people’s behaviour, and therefore this section 
discusses the recent advances and challenges in the area. Chapter 5 is a 
continuation of the work started in [38]; it explores relevant literature in 
emotion recognition in vocal signals, and proposes a hybrid algorithm 
that combines SVM and decision trees, and that considers context as an 
additional factor to improves the accuracy of the emotion recognition. 
The algorithm is implemented within a reactive avatar that mimics the 
emotions of the user. 

Chapter 6 presents a variation of the algorithm proposed in Chapter 5 
that uses SVM to categorize voice fragments into two classes of 
interpersonal stances (dominant vs. empathic). It inspects the 
relationship between the content and the style of a spoken sentence, as 
well as possible social factors that play a role in interpersonal stances. In 
addition, it compares the performance of the algorithm with the 
performance of three groups of people from different regions and 
cultures around the world, and thereby aims to examine how cultural 
factors affect interpersonal stance. All this is a useful step to build 
accurate algorithms for the classification of interpersonal stances, 
eventually leading to more effective social-skills training systems. 
Chapter 7 continues the work on interpersonal stances, and explores the 
possibilities of how to build a general model to infer interpersonal 
stances from voice. For this purpose, a new dataset of voices is created 
and analysed, and the same algorithm for Chapter 6 is used here to 
classify the various stances. The results point out that it is difficult to 
build a generic model, but that the model shows good performance on 
the individual level.  

Based on the answers to RQ3, Part IV aims to answer RQ4. It 
incorporates the algorithms and tools developed in Part III to create 
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training systems for professionals in safety-critical situations. More 
specifically, it focuses on the use of intelligent virtual agents for 
professional social skills training, concentrating particularly on the use of 
voice signals. It also presents three applications that use voice, text, and 
avatars to train people to enhance their interpersonal skills in safety-
critical circumstances. In all chapters of this part, (pilot) experiments are 
conducted to measure the impact of the simulation-based training 
applications on people’s experience and performance. 

Most of the applications developed in this thesis incorporate elements of 
serious games such as dialogue trees, scores, reports and feedback to 
users, and storyline scripts, although not all these elements are 
combined together. This being so, this thesis refers to the applications 
developed as simulation-based training tools. 

Chapter 8 presents an overview of state-of-art research on virtual agents 
applied to the field of social skills training, which is an extension of the 
work described in [6]. In Chapter 9, an online chatbot that uses text and 
voice is developed, with the aim of training employees in the surveillance 
sector. The effectiveness of the training system is evaluated through a 
practical training session, and the results are compared to that of a 
group of employees that did not use the chatbot. In Chapter 10, a serious 
game is developed with the aim of teaching elderly people how to react 
properly to doorstep scams. The game employs multiple-choice menus 
and voice-based emotion analysis to teach users not only what to say 
and do in such situations, but also how to say it. Chapter 11 presents 
another application for training professionals and other people to 
understand, recognise and apply the mechanisms behind Leary’s theory 
of interpersonal stances. The aim is to enhance people’s awareness of 
interpersonal stances and how they can perform them. In Chapters 9 and 
11, questionnaires were distributed among participants in the 
experiments in order to complement the information collected via the 
system. This constitutes an extra layer to validate the trends observed 
during the experiments. 

To round off the thesis, Chapter 12 discusses the results that have been 
obtained in the previous chapters, connects them to the four research 
questions that underpin this thesis, and outlines fruitful areas for future 
research. 
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1.5 Contributions 
This thesis makes a number of contributions to the literature. First, it 
contributes to the area of crowd simulation by adding substantial social 
and emotional aspects to simulation models. Additionally, it also 
examines the importance of staff in the dynamics of those situations, 
thereby providing a novel approach to assess the impact of good 
communication skills of among staff members.  

Furthermore, the research presented here adds to the research available 
in the area of affective computing by developing and testing novel 
algorithms to detect emotions and interpersonal stances. Finally, from an 
applied perspective, this thesis has resulted in a number of practical tools 
to enable professionals in the safety domain to improve their social skills. 
Table 1 summarises the individual contributions of the author to each 
paper presented in this thesis. 

TABLE 1: INDIVIDUAL CONTRIBUTIONS TO EACH WORK INCLUDED IN THIS THESIS 

Chapter Contribution 
Chapter 2 
“Simulation 
tools” 

Significant contribution to the literature review 
Significant contribution to comparisons of the available tools 
Significant contribution to discussions and possible 
improvements 
Significant contribution to writing the paper 

Chapter 3 
“Evacuation 
model” 

Contribution to constructing the model 
Significant contribution to tuning the model 
Significant contribution to converting the model into a simulation 
tool 
Significant contribution to defining and running the experiments 
Significant contribution to analysing the results of the 
experiments 
Significant contribution to analysing emerging patterns of the 
model 
Partial contribution to writing the paper 

Chapter 4 
“Staff added to 
the model” 

Significant contribution to adding staff to the model  
Significant contribution to tuning the model 
Significant contribution to defining and running the experiments 
Significant contribution to analysing emerging patterns of the 
model 
Significant contribution to writing the paper 

Chapter 5 
“Algorithm to 
infer emotions” 

Significant contribution to the literature review 
Significant contribution to defining, implementing, and tuning 
the algorithm 
Significant contribution to defining the experiments 
Significant contribution to discussions to discussions of this issue 
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and possible improvements 
Significant contribution to writing the paper 

Chapter 6 
“Algorithm to 
infer interper-
sonal stances” 

Significant contribution to the literature review 
Significant contribution to defining, implementing, and tuning 
the algorithm 
Significant contribution to defining the experiments 
Significant contribution to discussions of this issue and possible 
improvements 
Significant contribution to writing the paper 

Chapter 7 
“Extension of 
the algorithm 
to infer inter-
personal 
stances” 

Significant contribution to the literature review 
Significant contribution to defining, implementing, and tuning 
the algorithm 
Significant contribution to defining the experiments 
Significant contribution to discussions of this issue and possible 
improvements 
Significant contribution to writing the paper 

Chapter 8 
“Review about 
virtual agents 
for social skills 
training” 

Contribution to the literature review 
Contribution to discussions of this issue and possible 
improvements 
Contribution to writing the paper 

Chapter 9 
“Chatbot 
system” 

Significant contribution to implementing the system 
Significant contribution to the definition of the dialogues 
Significant contribution to the definition of the experiments and 
training protocol 
Significant contribution to discussions of this issue and possible 
improvements 
Contribution to writing the paper 

Chapter 10 
“Serious Game 
for the elderly” 

Significant contribution to the implementation of the algorithm 
to infer interpersonal stances from voices 
Significant contribution to discussions on the algorithm 
Small contribution to writing the paper 

Chapter 11 
“Interpersonal 
stances training 
system” 

Significant contribution to implementing the system 
Significant contribution to the definition of the experiments and 
training protocol 
Significant contribution to the discussion section and suggested 
future improvements 
Significant contribution to writing the paper 
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CHAPTER 2: An Adaptive Simulation Tool for Evacuation 

Scenarios 1 

Abstract. Building useful and efficient models and tools for a varied audience, such as 
evacuation simulators for scientists, engineers and crisis managers, can be tricky. Even 
good models can fail in providing information when the user`s tools for the model are 
scarce of resources. The aim of this work is to propose a new tool that covers the most 
required features in evacuation scenarios. This paper starts with a review of current 
software, prototypes and models simulating evacuation scenarios, by discussing their 
required and desired features. Based on this overview, we propose our simulator 
comparing it with other models and commercial tools. Moreover, we discuss the 
importance of building simulators that cover the minimum requirements to avoid the risk 
of building inefficient models or tools that do not provide enough insights for users to 
take right decisions in terms of security policies in crowded events. The implications of 
this work are to present a new simulation tool and to start a discussion in this research 
field on mandatory features of evacuation simulation tools that will provide valuable 
information to users and to find out what the criteria are to define these features. 

  

                                                           
1 This chapter has been published as:  
Formolo, D., van der Wal, C. N. (2017). An Adaptive Simulation Tool for Evacuation 
Scenarios.  In: Oliveira E., Gama J., Vale Z., Lopes Cardoso H. (eds) Progress in 
Artificial Intelligence. EPIA 2017. Lecture Notes in Computer Science, vol 10423. 
Springer, Cham, 766–777. 
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2.1 Introduction 
Incident management involving crowds is always a hard task, and the 
best way to deal with it is to be prepared for many possible scenarios 
that emerge. In that way, specialists are able to make cause-effect lists 
and predict countermeasures to reduce damage, injuries, and dead. 
People-people and people-environment interaction and other aspects 
that influence the start of an incident are very complex. Therefore, many 
unpredicted situations can happen and decisions have to be taken 
immediately. To help specialists make good security plans, computer 
evacuation models are becoming integrated into emergency prevention 
and management more and more. Crowd evacuation simulations have 
been used to analyse different phenomena, such as exit selection, 
queuing, herding behaviour, panic propagation, fluid behaviour, decision 
behaviour, escape behaviour, pushing behaviour, competitive and 
collaborative behaviour, jamming, clogging and following behaviour [21]. 
Computer models also help to design new safe environments which 
diminish risks in case of incidents. 

Usually, these models are more environment oriented, simulating people 
like robots taking rational decisions to reach a safe place, avoiding 
obstacles and suffering the influence of the environment in their speed 
to escape, for example, fixed barriers and the physical influence of others 
around that slow down the evacuation. Most of these models do not 
incorporate psychological and social factors. Observations of current 
emergencies show that people tend to be slow to respond to evacuation 
alarms (taking up to 10 minutes) and take the familiar route out instead 
of the nearest exit. [1, 2, 3, 7, 10, 12]. These risky behaviour stem from 
being unfamiliar with the environment, not seeing immediate signs of 
danger, following others’ (unsafe) behaviour. Evacuation simulation 
models could become more realistic by incorporating these realistic 
human behaviours, as currently, they do not.  

This work presents a tool that can simulate evacuation scenarios with the 
aims: (1) Being useful for a wide variety of audiences: simple enough for 
end users to operate it and adaptable by social scientist and engineers to 
explore new theories on evacuation models; (2) Incorporating 
psychological and social parameters in the evacuation model, based on 
the lack in current evacuation models; (3) Starts a discussion of Required 
and Desired features to Evacuation Simulation Tools. 
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Before developing the current tool, a review of significant features of 
current crowd evacuation models and simulation tools was performed. 
Moreover, a survey about which features are important according to 
experts and current users of evacuation simulation tools was conducted. 
Then based on the findings, the simulator was developed. It goes beyond 
other products or models, by integrating behavioural and physical 
models, enabling users to adapt it to any kind of scenario. Different than 
the majority of tools, it is completely free to simulate any kind of 
environment. Besides, it empowers users to add or change elements of 
the behaviour model extending it to even more refined simulations. 

2.2 Review of Evacuation Model Tools 
A careful review of evacuation models and commercial tools was 
performed. The characteristics were selected based on other literature 
reviews, commercial softwares and a questionnaire that was applied to 
specialists and users of crowd simulations. The characteristics are 
separated into three categories: Usability, Reports and Model. Usability 
covers the user interactions with the tool; Reports cover the output 
visualisation and helping the user in making decisions; Model covers how 
precise the real world is translated into the model itself. These 
characteristics were chosen because they contain all technical needs 
from a wide variety of users. Haron et al. also evaluated 6 tools for a 
specific scenario [5], the features listed in their work are similar to those 
proposed in this work, which reinforces the concept of a minimum 
common set of characteristics.  

Usability features are: 2D/3D visualisation; Scenarios; Controls (which 
refers to how the user can change parameters); Performance. Reports 
features are: Graphs; Exporting results. Model features are: Speed; 
Planned Routes; Fixed or dynamic routes; Floor plans; Access Areas (such 
as stairs, bridges and lifts).  

In combination with the above features extracted from models and 
commercial tools, the following concepts were defined to guide the 
selection of features in the categories: Required and Desired. 

Required Characteristic: Characteristics that impact, at least 75 seconds, 
that is 50% of the recommended average evacuation time of 150 
seconds defined in [22]. It can have a direct impact, in case of variables 



36  Review of Evacuation Model Tools 

of the model or indirect in case of Report and Usability helps to identify 
bottlenecks in evacuation situations. 

Desired Characteristic: All the other characteristics not classified as 
Required and which helps to make security protocols and improve 
security in evacuation situations. 

There are many approaches for computer models of crowd evacuation 
simulations. Zheng and colleagues describe seven approaches for 
computer evacuation models: (1) cellular automata, (2) lattice gas, (3) 
social force, (4) fluid dynamics, (5) agent-based, (6) game theory, (7) 
animal experiments. [21]. The current available tools use one of these 
types of models inside their engines. A more recent review on crowd 
models by Templeton and colleagues, concludes that current crowd 
simulations do not include psychological factors and therefore cannot 
accurately simulate large collective behaviour that has been found in 
extensive empirical research on crowd events. [15]. The perspective that 
only a few works consider social and psychological aspects into models is 
reinforced by Santos and Aguirre’s review [13]. They argue that models 
such as EVACNET4, EESCAPE, EGRESSPRO (flow based models), EGRESS 
(cellular automata) and SIMULEX, EXIT89, GridFlow (agent-based models) 
do not model the social dimensions, such as group decision making but 
focus more on the physical constraints and factors such as walking 
speed, walkways and stairways to find the optimal flow of the evacuation 
process. Agents are rational in these simulations: they can find the 
optimal escape route and can avoid physical obstructions and in some 
models even overtake another person that would obstruct their way. 

Ha and Lykotrafitis [4] proposed an agent-based model in 2012 governed 
by social-forces described in terms of Newtonian equations. That model 
makes an indirect link between social aspects and equations based on 
particles movements, what hampers the comprehension of social 
aspects. Also, the interface is poor and limited to simple rooms. A user-
friendlier prototype with detailed environment aspects was proposed in 
2014 by Wagner and Agrawal [17] to simulate evacuation in diverse 
auditoriums and stadiums shapes. Again, the model focused on people-
environment interaction, ignoring people-people social aspects plus, as a 
prototype it is not adaptable for a variety of scenarios and most of their 
features are hardcoded. The MASCM model [9] includes social 
interaction in the way of evacuation leaders. For example, evacuation 
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leaders can communicate ‘please follow me’ and start to walk along the 
evacuation route or find an evacuee at the distance or wait for the 
evacuee to approach. 

All these models are reflected in simulation tools. In his work, van Toll et 
al. [16] proposes a framework tool with which it is possible to build 3D 
environments and simulate crowds flowing among buildings or inside 
them. Other commercial tools [6, 8, 11, 14] have good 3D interfaces and 
editors to build the environments in details but again are target-oriented 
and do not include social aspects. Besides, their models are black boxes, 
therefore adaptations in the models are limited. For example, only for [6] 
and [11] it is possible to set up specific evacuation time curves for groups 
of agents, for the others it is hard coded, dependent of customised 
solution, case by case. 

Incontrol [6], MassMotion [11] and SimWalk [14] are the 3 commercial 
tools that were analysed. These three commercial tools were chosen 
because they are part of the industry leaders in this domain, with many 
applicable projects in real situations and they cover most of the 
characteristics present in other tools. Concerning Usability, all of them 
provide 2/3D visualisations as well as import scenarios from CAD like files 
and other pictures formats. They also allow users to edit them or build 
an entire scenario from scratch. Some basic controls are available, such 
as: start to evacuate time for each agent; pre-defined evacuation routes; 
number of agents and their initial position. For Reports, they provide 
many types of graphs are generated like Flow Output; Density Graphs; 
Multiple Evacuation graphs. All of them also export results of simulations 
to common file formats like CSV.  

The internal Models, handle individual Speed of each agent, and all of 
them work with multiple floors and access areas. MassMotion differs 
from others by offering pre-defined evacuation actions. Each individual 
can be programmed to do tasks, i.e. take his belongings, before starting 
to evacuate. Incontrol provides footstep logs to follow each agent in the 
scenario and playback simulations to not miss any detail. It also offers 
adding elements to the scenario during the simulation and scripts to 
customise events in the simulation. In SimWalk it is possible to 
distinguish agents by age, size and gender, and add goals like Oasys tool. 
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After reviewing the state-of-the-art, a questionnaire was applied to 
professionals of crisis management and risk assessment, familiar with 
evacuation simulations. In total, 13 specialists from areas of railways 
(23.1%), maritime (7.7%), aviation (38.5%), medicine (7.7%) and other 
(23.1%) were asked to classify many aspects (below each bar in Figure 1) 
of evacuation simulation scenarios from 1 = Not Necessary to 5 = Highly 
Required. Before they started classifying, the definitions of Required and 
Desired Characteristics were informed to them. The questions were 
divided into 3 categories: Usability, Reports and Model. Figure 1 shows a 
compiled overview of their answers. The aspects rated with a 4 or above 
(solid bars) have been classified as Required while others as Desired. 

 

FIGURE 1.  RESULTS OVERVIEW OF QUESTIONNAIRE APPLIED TO SPECIALISTS IN RISK MANAGEMENT 

Next, we wanted to determine the effect of social impact on evacuation 
time, to determine the necessity of including social and psychological 
factors in evacuation models. There are no available statistics about the 
impact of social impact on evacuation time. In order to get an estimation 
of the influence of this factor we used the model proposed in [18] on our 
developed tool to measure the influence of social impact on evacuation 
time. A neutral scenario was chosen, composed of a square room (20 x 
20 meters) layout of a building, with no barriers and four exits (top, 
down, left, right, main exit = down), see Figure 3. All environmental and 
personal factors such as width of the doors, gender, age and level of 
compliance were kept constant among simulations. When social impact 
is on, agents influence each other sharing their fears and believes, 
familiarity with the environment, helping behaviour, differentiation in 
agents among adults, elderly and children (impacting on compliance and 
speed of agents) and groups of two people (children are always 
accompanied for an adult or elderly). The results of evacuation time with 
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and without social behaviour were compared in a low, medium and high 
crowded environment (2, 4 or 8 people/m2, respectively). On average, 
social impact reduces the evacuation time with 20%, (78.85 seconds), 
mostly because agents are influenced by the fear conveyed by others. 
Other social and cultural elements also have substantial influence on 
evacuation time, between decreasing it by 30% to increasing it by 3%, as 
described in [19]. Here, we consider the social impact as a global 
measurement.  

Based on these results and the qualitative analyses of prototypes, 
academic models and commercial tools, the minimum set of needed 
characteristics of evacuation simulator tools are classified in next 
subsection which discuss Required and Desirable features for Usability, 
Reports and Model. 

2.2.1 Discussion of Usability, Reports and Model Features 

All commercial tools have very good 2D/3D visualisations, while most of 
the non-commercial prototypes and academic models are limited to 2D 
or only mathematical equations with no visualisation. 2D interfaces 
provide the most necessary aspects of analysing the simulation and 
taking decisions about security protocols, furniture, fixed barriers and 
escape areas. These physical aspects are the most important in 
influencing the evacuation time of a population from an environment. 3D 
interfaces add more realism to simulations, providing more intuitive 
orientations about possible problems in a real evacuation scenario, 
especially when referring to details in rooms and corridors. The capability 
if import scenario`s floor plans is a feature present in all commercial 
tools and useful to not miss environment details that can reverberate in 
bottlenecks of evacuation flow.  

In a simulation, it is important to test as many variations as possible in 
the population, environment and their relations. Tools have to provide 
easy-to-use Controls to facilitate these variations in the simulations. The 
Controls could also provide interaction with the simulation in real time to 
test specific situations, like an incident in a specific point of the scenario, 
or to provide an interface that can easily setup pre-programed 
characteristics like: routes of agents, actions that they take, the number 
of agents, gender, initial position, belonging to a group, size of the group, 
response time, number of incidents, start of the incidents, etc. 
Evacuation Simulations can become very detailed in terms of relations 
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among population and relation with detailed environments, 2D and 
especially 3D interfaces cost long processing time. The number of 
repetitions and variations in the same scenario can make the simulation 
time rise exponentially. Due to these reasons, it is important to design a 
scalable and multithread tool. Based on the above analysis and the 
review of current tools and models, required and desirable features of 
Usability are shown in Table 1. 

The Reports are divided in Graphs and Export Results. Commercial tools 
provide very good graphs to analyse many aspects of the simulation, 
they are helpful to understand the simulation and in support decisions. 
The final evacuation time is not the only important measurement to be 
observed. Some other important variables are: response times, to 
observe when people start to evacuate. Escape rate along simulation and 
flow density on each area are especially good to identify bottlenecks. All 
cited measurements can lead to security measurements that have a 
direct impact one final evacuation time. The capability to export details 
of the simulation is also desirable. Required and desirable features of 
Reports are shown in Table 1. 

The Model was divided into People, Environment, Incident and 
Understandability. All models consider the area occupied by each person 
and guarantee that one does not walk through others or walls, this is the 
main aspect behind models based on a fluid or particles. Some of the 
models have prefixed routes for the agents considering the best route, 
pre-programming the agents to follow the signs of the environment or 
even making a statistic distribution of people on the routes. Both are 
much used and provide a reasonable approximation of reality. Other 
important aspects are related to the characteristics of the people, like 
speed and the decision to evacuate or not. More detailed models 
consider age, gender and groups of people moving together. In general, 
most models use the basic aspects. The environment has a clear division, 
the simplest models consider a flat scenario with fixed barriers. 
Commercial tools add slopes on the surface and distinguish terrains in 
the scenario. These two characteristics have an impact mainly on the 
speed of the agents. Other essential aspects are Access Areas that 
connect floors. They have their own characteristics, influencing the 
speed of people and consequently their evacuation time. Few 
environments provide non-fixed barriers like furniture that do not 
impede agents to move forward but can delay their evacuation a lot. 
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Some tools, prototypes and models ignore an incident in a specific 
location of the environment, assuming that the simulation is like an 
evacuation exercise. That could be enough for many situations but is far 
from covering the entire range of possibilities. Some incidents can affect 
the mobility in part of the environment. One example is a partial collapse 
of a floor, explosions or an incident that starts at one or more points and 
grows along the time like fire. Incontrol [6] partially covers these 
situations because users are able to add elements in the simulation while 
it is running. None of the tools or models cover terrorist attacks, 
simulating intelligent elements moving in the scenario or intentionally 
blocking corridors or exits.  

All these aspects can influence the dynamics of the evacuation. 
Depending on the size of the environment, not all people starting to 
evacuate at the same time, even if the incident was announced and 
everybody is aware of it. For groups of people distanced from the 
incident, the jeopardy sensation can be low. As a consequence, they take 
more time to decide to evacuate. The situations described above are a 
taste of the immense number of possibilities that can happen. Some of 
these variants can provoke a deep impact on the evacuation time. A not 
much mentioned characteristic is the understandability of the model. It is 
especially desirable to understand the limitations of the model and what 
is expected from it. The backend of commercial tools are black boxes 
while other models are described in terms of equations or rules. In 
general, the more refined the model the more complex its 
understandability. It is a challenge to keep it easy to analyse and at the 
same time providing refined and detailed simulations. It is also 
mandatory that the tools being open to simulate diverse scenarios and 
not only standard ones. The commercial tools do this job very well, 
importing floor plans or providing the possibility of building a whole new 
scenario from scratch. The required and desirable model features are 
shown in Table 1. 
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TABLE 1. REQUIRED AND DESIRABLE FEATURES 

Feature Required Desirable 
Usability   
2D/3D 2D visualization 3D visualization 
Controls All controls related to characteristics of the 

model that cause high impact in evacuation 
time. These are: Add incidents, e.g. block 
exits; Quantity of people; Speed; Start and 
end locations of agents; Social Features. 

Controls with low impact on 
safe evacuation but that can 
help to design a more safe 
environment.  

Performance There is not a restriction requirement for 
performance.  The only consequence is 
delaying of results. 

If performance is not 
required it can be classified 
as desirable. 

Reports   
Graphs The minimum set of variables is: Evacuation 

time; response time; Number of agents that 
take each exit Flow density for each area. 

Any other variable related to 
the model that can be 
tracked. 

Export of 
results 

There is not a restriction requirement for 
export of results. 

All data used to generate 
graphs. 

Model   
People Occupied area of each agent; Physical 

effects of barriers and other agents over the 
agents; Evacuation speed; At least a 
statistical distribution of routes taken by the 
agents; Social Aspects. 

Non-pre-fixed evacuation 
routes 

Environment The Possibility of adding floors to buildings; 
Access areas with a configurable delay for 
each area; Fixed Barriers. 

Non-flat terrains and 
different type of terrains; 
Non-fixed barriers, i.e. 
furniture. 

Incident Fix one or more incident points in the 
scenario; Define the size of the incident; 
Property of block paths; intelligent 
elements blocking areas for some time, i.e. 
terrorists. 

Property of gradually 
increasing the size of the 
incident along the 
simulation. 

Understanda
bility 

Provides a manner of understanding the 
results of simulations and the consequences 
of each event in the scenarios simulated  

The parts not important to 
the final result can be kept 
hidden from users. 

2.3 Evacuation Simulator 
Based on the features found in the literature cited in Section 2.2 and 
together with the results of the questionnaire, a Simulator tool was 
developed and the model described in [18] was integrated into it. The 
Netlogo language was chosen to be the core of the Simulator. This 
language is multi-agent modelling oriented [20], providing facilities for 
incorporating models, extending them and making user interfaces. 
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Concerning Usability features, it also incorporates a tool to run many 
parallel simulations with different parameter setups, facilitating the 
generation of results and making the simulation scalable.  More 
specifically, concerning the Controls features, the simulator was 
developed in modules, making a clear distinction between its parts, see 
the Component Diagram of Figure 2. The predefined Model that 
simulates the behaviour of agents and their social aspects as well as the 
physical aspects of the scenario is easily identified in the code and can be 
updated or changed by another one. The behaviour of the agents, their 
social aspects and the influence of physical aspects are defined inside the 
Model. 

 

FIGURE 2. SIMULATOR`S UML COMPONENT DIAGRAM 

The internal model was developed using simple rules that make relations 
between internal states and external stimuli. The code below shows an 
example rule. In this rule, an agent takes the action of evacuating only if 
the internal desire of evacuation is bigger than the desire to walk around. 
If the agent falls on the floor, then the action of moving to the exit is 
suppressed. The simple rules that form the model are isolated from the 
rest of the code. The users still have access to all inputs of the agents and 
their possible actions. That allows users to change the model in a very 
deep way and experience variances in all levels of the simulation. 

if st_desire_evacuate >= st_desire_walkrand[ set st_intention_evacuate ETA_BODY * 
st_desire_evacuate] 
if st_fall = 1 [ set st_action_movetoexit  0] 

The physical aspects can be changed in the Override Physics, inside 
Config Module, with the possibility to change the effect of non-fixed 
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furniture on evacuation speed and control events along the simulation 
like incidents, public announcements, fire alarm, etc. Still, inside Config, 
another submodule is responsible to set up the initial conditions or 
change pre-defined configurations of the agents such as: start to 
evacuate time, distribution of agents on the environment or the final 
location of the agents. One can set up the system directly in Config 
Module. It is also possible to setup the system through an interface that 
generates it, unfortunately, the graphical part is not implemented at 
moment, but it is feasible and is indicated in Figure 2 by GUI-Config. The 
rule below is an example of changing the defined speed of the agents. If 
the function is left blank, the simulator uses its default speed. A set of 
functions similar to the below example is available, each one of the 
specific parts of the environment. With this approach, the simulator 
guarantees free access to change the physical behaviour into the 
environment. 

to-report calculate-evacuation-speed-alternative 
  jump 1.2; changes the speed of all agents to 1.2 
report TRUE 
end 

The model interacts with the system Core, which is responsible for 
connecting configurations, model, statistics and graphical interface. 
Concerning Usability, other tools presented in this work have 
advantages, such as importing CAD floor plans and 3D. Both have pre-
fixed Controls but in the proposed tool they are flexible and extensible. 
Users can easily add new controls related to internal variables. The 
statistics are fed by the model while the Core shows them and the 
simulation through a graphical interface GUI-Simulation. The Floor Plan 
File is imported from PNG picture. Based on the configurations of Config 
Module it is possible to define simple environments like that shown in 
Figure 3, or complex ones with many floors, exits, alternative routes, 
fixed barriers and non-fixed barriers. The colours in the Floor Plan File 
have to match with the configurations in the Config Module, which 
means that a specific colour is interpreted by the Simulator as Exit areas 
(Blue in case of Figure 3), fixed barriers are considered Black and Gray, 
while free areas are White and Access Areas Yellow. All these parameters 
are changeable for each kind of scenario. In  Figure 3, the red square 
represents an incident. The size and place where it happens are 
configurable. Users can setup multiple incidents occurring along the 
simulation. The pink agents are aware of the hazard and decide to start 
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to evacuate, while black agents are still acting as of no incident has 
occurred. The orange agents have fallen because of the action of other 
agents and their own speed. After some time, they stand up and 
continue to evacuate. 

 

FIGURE 3. SIMPLE ENVIRONMENT SIMULATION OF AN EMPTY ROOM WITH 4 EXITS 

Figure 4 shows the activity diagram of the simulator focusing on the 
internal model. The system updates internal states and actions of each 
agent. After that, it finalises the cycle updating statistics. The simulation 
stops when all agents either evacuated or died. At any moment, the user 
can change the parameters available on the interface and influence 
environment or agents. Concerning Reports features, the statistics are 
fed by the model while the Core shows them and the simulation through 
a graphical interface named GUI-Simulation. The simulator is prefixed 
with the most common controls and graphs. If necessary users easily add 
more of them to the interface. That is possible due to the large set of 
statistics and tuning parameters available. With this approach, the 
Simulators guarantee flexibleness to be used by many end-users that 
import their own environments and take advantages of pre-fixed 
controls and reports. Despite the huge number of reports available in 
commercial tools, the proposed one has the main statistics, all of them 
exportable to CSV files. 

The biggest advantages of the simulator are in the Model. In relation to 
the Model features, they are equivalent in environment features, but the 
proposed one provides more features to customise each agent with their 
own personality, influencing others via social interaction. Incidents can 
be programmed and placed on the environment, provoking injuries in 



46  Conclusions 

agents or blocking their paths, while not all the other tools have this 
feature available. Moreover, commercial tools are a blackbox for the 
most part of the models. Users are dependent on companies to adapt 
the model to specific scenarios. With the proposed tool, users can 
change or adapt the model according to their needs, they are free to go 
deep on customizations or use what is already available. 

 

FIGURE 4. GENERAL ACTIVITY DIAGRAM OF THE SIMULATOR 

2.4 Conclusions 
In this work, we proposed an evacuation simulator tool that covers the 
main Required aspects of this type of application. The development of 
this tool was based on expert impressions and a review of software, 
prototypes and models that can simulate evacuation scenarios. It is clear 
from the literature review and the survey applied to crisis management 
experts, that some basic features are present in all commercial 
applications, while prototypes and models are much more diverse in 
their embedded features, most of them are limited and contain a basic 
set of features. Models can be very detailed but do not present good 
interfaces. Prototypes combine models and interfaces but in general, 
they do it with a hardcoded interface and model. Otherwise, commercial 
softwares are not clear in all aspects of real scenarios they can simulate. 
In most cases, they are able to run simple evacuation scenarios 
simplifying many aspects covered by specialised evacuation models.  

Moreover, there is no research known by the authors that define which 
are the required and desired features for an Evacuation Scenario 
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Simulator. In this research, we have taken the first steps in this direction 
by proposing a minimum and not strictly defined set of mandatory 
requirements for this type of application. It also suggests desirable 
features that can provide more insights for users to take decisions based 
on the results of simulations. The absence of the basic required features 
in a tool can lead to errors in guaranteeing the safety of events or even 
design of buildings, stadiums and event centres.  

The proposed Evacuation Scenarios Simulator was designed to cover 
required aspects already cited. This Simulator is very flexible and attends 
basic and specialised users providing the possibility of easily extending its 
already detailed model, it still is behind of commercial tools in terms of 
Visualization and Reports, but covers the required aspects of 
Visualization, provides a minimum set of reports and is more generic in 
covers Model`s aspects. For future work, the visualisation aspects will be 
improved and the system will be evaluated by final users, comparing 
their results with evaluations of other tools. 
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CHAPTER 3: Simulating Crowd Evacuation with Socio-

Cultural, Cognitive, and Emotional Elements 1 2 

Abstract. In this research, the effects of culture, cognitions, and emotions on crisis 
management and prevention are analysed. An agent-based crowd evacuation simulation 
model was created, named IMPACT, to study the evacuation process from a transport 
hub. To extend previous research, various socio-cultural, cognitive, and emotional factors 
were modelled, including: language, gender, familiarity with the environment, emotional 
contagion, prosocial behaviour, falls, group decision making, and compliance. The 
IMPACT model was validated against data from an evacuation drill using the existing 
EXODUS evacuation model. Results show that on all measures, the IMPACT model is 
within or close to the prescribed boundaries, thereby establishing its validity. Structured 
simulations with the validated model revealed important findings, including: the effect of 
doors as bottlenecks, social contagion speeding up evacuation time, falling behaviour not 
affecting evacuation time significantly, and travelling in groups being more beneficial for 
evacuation time than travelling alone. This research has important practical applications 
for crowd management professionals, including transport hub operators, first 
responders, and risk assessors. 
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3.1 Introduction 
Crisis management and prevention involves preparing for many different 
emergency situations. This research focuses on studying the socio-
cultural, cognitive, and emotional factors influencing an evacuation from 
a building, such as a transport hub. This is important, because few crisis 
managers and risk assessment professionals currently deal with these 
factors and their resulting behaviours. Accordingly, this research 
developed and validated a crowd evacuation simulation model that 
includes socio-cultural, cognitive, and emotional factors in order to 
simulate what-if scenarios. Consequently, it will help transport hub 
operators, crisis managers, risk assessment professionals, and policy 
makers understand human behaviour, deal with socio-cultural crowd 
diversity, and ultimately save lives.  

Faster evacuation from public buildings during emergencies saves more 
lives. Observations of actual emergencies show that people tend to be 
slow to respond to evacuation alarms (taking up to 10 minutes) and take 
the familiar route out instead of the nearest exit [4, 7, 14, 21, 23, 30]. 
These risky behaviours stem from being unfamiliar with the 
environment, not seeing immediate signs of danger, and following 
others’ (unsafe) behaviour, leading to preventable deaths in many 
disasters. For instance, in the Station Nightclub fire, in Rhode Island in 
2003, the majority of people tried to escape back through the familiar 
main entrance, leading to falls, crushing, and 100 deaths. Many of the 56 
deaths in the Bradford City Stadium fire in 1985 could have been 
prevented if response time to the fire had been faster [3], and similarly 
slow responses were found among occupants of the World Trade Center 
towers during the 9/11 terror attacks in New York City [23]. In recent 
emergencies, some people have even remained in dangerous areas to 
film events with their smartphones instead of escaping (Nice Boulevard, 
14/07/2016; Westgate Shopping Centre, Nairobi, 21/9/2013).  

Current crowd evacuation models simulate how crowds move through 
built environments [9], enabling ethical tests of how to improve crowd 
movements in emergency evacuations. In addition to informing how to 
build safer buildings, computer models can identify safer behaviours in 
existing buildings. For example, it is well-documented that not running 
leads to faster evacuations due to fewer falls and less congestion at the 
exit [17, 36]. However, traditional computer models of evacuations have 
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been criticized for being unrealistic, because they treat people as 
‘moving particles’ with identical characteristics [9, 36]. Such models 
wrongly assume that all people will respond to alarms without delay, 
know their way, and take the nearest exit. As noted above, however, 
each of these assumptions has been proven wrong [4, 7, 14, 21, 23, 30]. 

The aim of this research, therefore, is to develop and validate an 
evacuation simulation model that includes socio-cultural, cognitive, and 
emotional factors, to address the need for crowd models to incorporate 
more realistic human behaviours. To do so, the model developed here 
draws on insights from social and cross-cultural psychology, interviews 
with crisis management experts, and is based on scientific findings and 
literature. Furthermore, the model is validated against data from an 
evacuation drill related to the existing EXODUS evacuation model [13, 
26]. It is intended that this model will help transport hub operators, crisis 
managers, risk assessment professionals, and policy makers understand 
human behaviour, deal with socio-cultural crowd diversity, and 
ultimately save lives.  

The paper is organised as follows. First, the background literature on 
crowd evacuation models is reviewed and the current approach is 
introduced in Sections 3.2 to 3.4. In Section 3.5, the formal model is 
presented, followed by the validation and simulation results in Section 
3.6. The work is then summarised and discussed in Section 3.7.  

3.2 Background Evacuation Models 
There are many different approaches for crowd evacuation simulations, 
of which Zheng et al. [48] describe seven: (1) cellular automata, (2) 
lattice gas, (3) social force, (4) fluid dynamics, (5) agent-based, (6) game 
theory, and (7) animal experiments. In microscopic models (e.g. cellular 
automata, lattice gas, social force, agent-based models), the pedestrian 
is modelled as a particle. However, in macroscopic models (e.g. fluid 
dynamic models), a crowd of pedestrians is modelled as a fluid. In 
conclusion, Zheng et al. [48] concluded that in further research, 
evacuation models should: (1) combine different approaches, and (2) 
incorporate psychological and physiological elements. Our IMPACT 
model addresses both of these recommendations.   
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Moreover, Templeton et al. [39] conclude that current crowd simulations 
do not include psychological factors and therefore cannot accurately 
simulate the collective behaviour that has been found in extensive 
empirical research on crowd events. Specifically, they argue that crowd 
members should be able to identify with other people in crowd 
simulations to form psychological sub-groups known as in-groups. This is 
critical for evacuation models, as research indicates that people are 
more likely to help fellow in-group members during emergencies [8]. 
Accordingly, our IMPACT model also incorporates social identity.  

Most of the evacuation models that Santos and Aguirre [36] reviewed do 
not model social dimensions, such as group decision making, but focus 
more on physical constraints and factors such as walking speed, 
walkways, and stairways, to find the optimal crowd flow for the 
evacuation process. Agents are rational in these simulations: they can 
find the optimal escape route, avoid physical obstructions and, in some 
models, even overtake another person obstructing them. However, even 
though these models do include parameters like gender, age, individual 
walking speeds, and different body dimensions, they still lack socially 
interactive characteristics such as the monitoring of others. Again, to 
address this, our IMPACT model incorporates such social processes. 

Santos and Aguirre [36] also reviewed the incorporation of social and 
psychological factors into evacuation simulation models, noting their 
inclusion in three models: (1) FIRESCAP, (2) EXODUS, and (3) Multi-Agent 
Simulation for Crisis Management (MASCM). EXODUS includes 22 social 
psychological attributes and characteristics for each agent, including age, 
sex, running speed, dead/alive, and familiarity with the building. Agents 
can also perform tasks before evacuating the building, such as picking up 
a purse or searching for a lost child. Still, the agents in EXODUS cannot 
have micro-level social interactions that would create a collective 
understanding of the situation for the group. However, MASCM does 
include social interaction with so-called ‘evacuation leaders’ who can 
communicate (‘please follow me’) and start to walk along the evacuation 
route, or find an evacuee, or wait for an evacuee to approach them. 
Finally, FIRESCAP implements the social theory of ‘collective flight from a 
perceived threat’. The egress is a result of a socially-structured decision 
making process guided by norms, roles, and role relations.  
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From this literature review, it can be concluded that the ideal simulation 
approach for realistic crowd evacuation models should seek to develop 
sub-models that include an active, ‘investigative’, socially-embedded 
agent that assesses the state of other people and defines the situation 
collaboratively. Essentially, then, group dynamics must be considered, 
and our IMPACT model aims to address this. 

3.3 Current Approach 

Based on the lack of psychological and socio-cultural factors in existing 
evacuation models, we created our IMPACT evacuation model based on 
an earlier model called ASCRIBE [2]. This allows for the social contagion 
of emotional and mental states, and enables group decision making and 
other social dynamics [1,2]. The ASCRIBE model has outperformed other 
models in reproducing real crowd panic scenes and was extended here 
with many psychological and socio-cultural factors – such as familiarity, 
falls, and prosocial behaviour – and applied to a specific evacuation 
scenario [41]. The evacuation dynamics were modelled using agent-
based belief-desire-intention (BDI) and network-oriented modelling 
approaches [32, 40]. A first version of the IMPACT model was introduced 
in [43] and the further-developed and validated model was introduced in 
[12]. The final version of the IMPACT model presented here has now 
been fully refined and certain characteristics have been updated. We 
introduce it here with its most important findings. The updates concern 
speed, falls, compliance levels, egress flowrate, observation distance, 
helping behaviour, and cultural divisions, and these are based on 
psychological and socio-cultural research as described below.  

3.4 Background Psychological and Socio-Cultural Factors 
in the IMPACT Model 

Overview. Although the computer simulation of crowd behaviour has 
been on-going for several decades, most existing models are still 
founded on erroneous assumptions of human behaviour and movement 
as linear, logical, and driven primarily by the laws of physics [4]. A key 
reason for this has been the disciplinary division in crowd behaviour 
research. Modellers engaged in crowd simulation are typically drawn 
from technical fields, such as computer science and engineering, while 
psychologists and other social scientists who study crowd behaviour do 
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not generally use computer simulation methods [18]. Consequently, only 
truly interdisciplinary re-search can effectively simulate crowd behaviour, 
particularly in emergencies, in complex systems comprising both social 
and technical elements [5]. To address these issues in our IMPACT 
model, alongside the conventional features of traditional crowd 
simulation models we have included additional psychological and socio-
cultural elements. For instance, at an individual level, we have simulated 
the effect of people’s socio-cultural characteristics such as age, gender, 
and nationality on their behaviour (e.g. based on the national cultural 
clusters in [35]) in emergencies; while, at a group level, we have 
simulated social processes such as social identity [8] and emotional 
contagion [1,2]. 

Speed. The walking speeds varied for each demographic group (children, 
adult males, adult females, elderly males, elderly females) and were 
based on the observational work of Willis et al. [46], ranging from 1.12 
m/s to 1.58 m/s. We calculated running speeds by multiplying the 
walking speed for each demographic group by three – to account for the 
luggage, belongings, and clothes that people wear while travelling – to 
yield speeds between 3.36 m/s and 4.75 m/s. Moreover, a crowd 
congestion factor was added that reduces the speed according to the 
number of agents within the same square metre: ≤ 4 people (no speed 
reduction), 5 people (62.5% reduction), 6 people (75%), 7 people 
(82.5%), 8 people (95%). These speed adjustments were based on 
research by Still [38], where 8 is the maximum number of people per 
square metre and 4 the number of people at which speed reduces. 

Falls. The number of falls in the initial model seemed unrealistically high 
during structured simulations. So, we manually tuned the value to a 
more realistic level by visually inspecting the movement patterns during 
many different settings. This resulted in a new rule: if there are more 
than 4 people in the same square metre as the agent and if he is running 
faster than 3 m/s, then there is a 5% chance of a fall for each new 
movement. 

Compliance. In the current version, the probability of compliance is based 
on data from Reininger et al.’s [33] study of gender differences in 
hurricane evacuation, modified for different age groups using data from 
Soto et al.’s [37] personality study. The model has 6 compliance values 
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according to the category of the agent: male or female, and child, adult, 
or elderly. The precise levels can be found in Section 3.5.  

Egress flowrate at each exit. The maximum flowrate is 6 people per exit 
per second (p/m/s), based on guidelines from Still [38] indicating an 
egress flowrate of 82 people/metre/minute (p/m/m), equivalent to 1.37 
p/m/s, then multiplied by 4 (as doors are 4 metres wide) to indicate 5.47 
people per exit door per second.  

Observation distance. Public distance (space in which social interactions 
are still possible, extending the personal and formal social interaction 
space) is 12–25 feet (3.7 –7.6 metres), in relation to public speaking to 
large groups, while no social inter-action is possible over 25 feet [15], 
though this might not take shouting into account. Considering the size of 
the environment that was implemented in the model (e.g. a square room 
of 20 × 20 metres), it was decided to keep the observation distance (i.e. 
the maximum distance at which staff instructions could be understood) 
at 5 metres rather than 10. Otherwise, at 10 metres, the passengers 
could observe everything in the building from the centre and the 
important effects of social contagion would be downplayed in the 
simulations.  

Helping. The probabilities of helping others during the emergency 
evacuation were modelled as a function of the characteristics of helpers 
and fallers. This was based on research indicating that, in emergencies: 
(a) men are most likely to help others, (b) women, children, and older 
adults are most likely to receive help [10], and (c) people are more likely 
to help members with a shared identity [8]. The precise levels can be 
found in Table 1 of Section 3.5.1. 

Culture. In the model, the passengers are divided into different clusters 
of culturally similar nationalities based on previous research [35]. Data 
concerning the percentage of English speakers for each country in each 
cluster were then obtained, where available, from multiple verified and 
official sources compiled by Wikipedia [45]. We then calculated a 
weighted average percentage of English speakers in each cluster – using 
the population sizes of each cluster’s constituent countries – and these 
were the values used in the simulation model to determine the 
percentage of passengers from each cluster who could understand an 
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English instruction by a staff member or public announcement. The 
precise probabilities can be found in Section 3.5.  

Group decision making. Like in previous work [1,2], group decision making 
is based on findings from social neuroscience to make a biologically 
plausible human-like model. Decision making is modelled as both an 
individual process called somatic marking and a social group process 
based on mirroring of cognitive and emotional states. [6, 34]. Damasio’s 
somatic marking hypothesis is a theory of decision making which 
provides a central role to emotions felt. [6]. Each decision option induces 
a feeling to mark that option. In social neuroscience, neural mechanisms 
have been discovered that account for mutual mirroring effects between 
mental states of different people. For example, when one expresses an 
emotion in a smile, another person can observe this smile which 
automatically triggers preparation neurons (called mirror neurons) for 
smiling within this other person and consequently generates the same 
emotion. Similarly, mirroring of intentions and beliefs can be considered. 
This is called emotional contagion (for emotions alone) or social 
contagion (for emotional and mental states) in this work.  

3.5 Model 

3.5.1 Formal Model 

Figure 1. Agent Modules in the IMPACT Evacuation Model  gives an 
overview of the formal model, showing the four modules of each 
passenger and how they interact. The passenger has individual 
characteristics – such as age, gender, familiarity, and group membership 
– which influence their interactions. For example, familiarity influences 
the choice of exit (people-environment interaction), while age, gender, 
and group membership influence the pro-social behaviour (people-
people interactions). The full details of these four modules, their 
constituent concepts, and their dynamic relationships are shown in 
Figure 2, using the same coloured key as Figure 1 for the modules. 
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FIGURE 1. AGENT MODULES IN THE IMPACT EVACUATION MODEL  

 

FIGURE 2. DYNAMIC RELATIONSHIPS BETWEEN CONCEPTS IN THE IMPACT EVACUATION MODEL 

Below, all the formal rules of the proposed model are presented in the 
form of mathematical formulas representing all dynamic relationships 
between all concepts from Figure 2. Creating the formal model in this 
way, using mainly difference equations, is based on the network-
oriented modelling approach [40].  

Firstly, the following environmental states have the value 0 (‘off’) or 1 
(‘on’). These are ‘inputs’ of the model and vary over time. For example, 
the fire_alarm is ‘on’ after three minutes of the simulation and the 
public_announcement is ‘on’ one minute after the fire_alarm is ‘on’.  
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crowd_congestion_location(t); fire_location(t); alarm(t); staff_instructions(t); 
public_announcement(t) 

Equation 1 

The aggregated impacts of others on agent x, for the levels of the belief 
that the situation is dangerous and the levels of fear, are calculated as a 
weighted sum at every time step, based on previous work [1,2]: 
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Equation 3 

whereby   ∑     
  
  

All observations of events or other passengers are calculated as stated 
below. The observation_fire becomes 1 if the passenger is within a 
distance of 5 metres, representing the observation distance which is 
adjustable by the modeller, based on [15], see Section 3.4. When the fire 
alarm sounds, then 50% of the time the passenger will observe this alarm 
and this, in turn, will change the passenger’s belief_dangerous to 1. This 
represents the risk-taking passengers have, as not all passengers react 
quickly to a fire alarm. [21, 23, 30]. Note that, for example, for 
observation_others_fear(t) = others_fear(t) a simplification of the real 
world has been made to model the values to match each other 
instantaneously instead of with a delay, as further detail was not 
necessary in the model. 

observation_fire(t) = 1 if (√                    ) else 0; whereby 
agent_location(t) = (x1 y2) and fire_location(t) = (x2 y2) 

Equation 4 
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P(observation_alarm(t) = 1| alarm(t) = 1) = 0.5  

Equation 5 

observation_others_belief_dangerous (t) = others_belief_dangerous(t); 
observation_others_fear(t) = others_fear(t); observation_staff_instr (t) = 
staff_instructions(t); observation_pa(t) = public_announcement(t) 

Equation 6 

If there is a fire at the same location as the passenger, then the 
passenger dies. Die(t) has a binary value of 0 (‘not dead’) or 1 (‘dead’). 
This strict rule was chosen as more detail was not necessary for the goal 
of this model. We chose not to model the effect of the fire and smoke, 
like the heat and toxicity in the room, so we could purely focus on the 
human behavioural effects in the simulations not combined with the 
effects of the fire. 

die(t) = 1 (if fire_location == agent_location) else 0 

Equation 7 

Each passenger has an initial speed based on his/her age and gender, 
based on [38, 46], see Section 3.4. At t=0: 

x If age+gender = female adult then basic speed = 0.9 + rand (0, 0.5) . 

x If age+gender = male adult then basic speed = 1 + rand (0, 0.5) . 

x If age+gender = child then basic speed = 0.5 + rand (0, 0.5) . 

x If age+gender = female elderly then basic speed = 0.9 + rand (0, 0.5) . 

x If age+gender = male elderly then basic speed = 0.9 + rand (0, 0.5) . 

x If group_membership = 1, then speed = min(basic speeds of other 

members)+0.4 (max(basic speeds of other members) – min(basic speeds 

of other members) . 

x If group membership = 0, then speed = basic speed  
Equation 8 

Whereby: rand is a random number, min = minimum, and max = 
maximum. 
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Each passenger has an initial compliance level based on his/her age and 
gender, based on [33, 37], see Section 3.4. At t=0:  

x If age+gender = male child then compliance = 0.89 . 

x If age+gender = female child then compliance = 0.89 . 

x If age+gender = male adult then compliance = 0.89 . 

x If age+gender = female adult then compliance = 0.94 . 

x If age+gender = male elderly then compliance = 0.92 . 

x If age+gender = female elderly then compliance = 0.97 .  
Equation 9 

Each passenger has a 5% chance (i.e., a 0.05 probability) of falling when 
there is crowd congestion at their location, as explained in Section 3.4. 
Fall(t) has a binary value of 0 (‘not fallen’) or 1 (‘fallen’). 

P(fall(t) = 1|crowd_congestion_location == agent_location) = 0.05  

Equation 10 

Each passenger has a belief about how dangerous the situation is. This 
belief has a value between 0 (‘minimum danger’) and 1 (‘maximum 
danger’). The belief will increase to 1 when a fire or alarm is sensed. The 
beliefs of other passengers can decrease or increase the passenger’s 
own belief, based on mirroring/contagion mechanisms as described in 
Section 3.4, based on previous research [1,2]. The passenger’s fear level 
influences his belief (somatic marking): if the amount of fear is higher 
than the belief, it will increase the belief, and if the amount of fear is 
lower than the belief, it will decrease the belief. The belief is also based 
on the passenger’s belief from the previous time-step (persistence). The 
equations are presented in both difference and differential equation 
format to show how, hereafter, every difference equation can be 
translated into a differential equation. 
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The amount of fear a passenger feels is based on the fear level of the 
previous time-step (persistence), the levels of intentions to evacuate 
(amplifying fear) or walk randomly (decreasing fear), the other 
passengers’ levels of fear (emotional contagion), and the staff 
instructions or public announcements they observe (decreasing fear). 
These processes are based on mirroring/contagion mechanisms as 
described in Section 3.4, based on previous research [1,2]. The fear value 
ranges from a minimum of 0 (‘no fear’) to a maximum of 1 (‘maximum 
fear’). 
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Equation 13 

whereby, aggfears(t) is calculated similarly as aggbeliefsx(t) (see equation 12) 

and                         

     (         )    
               . 

The desire to evacuate value ranges from 0 (‘minimal desire’) to 1 
(‘maximal desire’). It is amplified by the level of compliance, the 
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passenger’s belief of how dangerous the situation is (cognitive 
responding), the passenger’s level of fear (somatic marking), and staff 
instructions or public announcements to evacuate. The somatic marking 
and cognitive responding are processes based on mirroring/contagion 
mechanisms as described in Section 3.4, based on previous research 
[1,2]. 
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Equation 14 

Whereby, 
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The value of the desire to walk randomly ranges from 0 (‘minimal desire’) 
to 1 (‘maximal desire’). It is inhibited by the level of compliance, the 
passenger’s belief of how dangerous the situation is (cognitive 
responding), the passenger’s level of fear (somatic marking), and staff 
instructions or public announcements to evacuate. The somatic marking 
and cognitive responding are processes based on mirroring/contagion 
mechanisms as described in Section 3.4, based on previous research 
[1,2]. 
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Equation 15 

The intention to evacuate value ranges from 0 (‘minimal intention’) to 1 
(‘maximal intention’), and so too does the intention to walk randomly 
value. To decide whether the desire to evacuate or walk randomly is 
larger, a logistic function is used, and this outcome is then multiplied by 
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the desire to walk randomly. This, in turn, is multiplied by (1-fall(t)) to 
make sure it is only a value larger than 0 when the passenger has not 
fallen. When the passenger has fallen, the value will become 0, then the 
passenger cannot actually walk randomly or evacuate.  

                         =                      +     (         )  
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Equation 16 

                         =                      +    (         )  
                                                                     
                                            .  

Equation 17 

whereby: 

                       
                  . 

The action movetoexit is a combination of the speed of the passenger 
and his target (i.e. the location/exit he moves towards). The value of the 
intention to evacuate influences the speed of moving to the exit. The 
familiarity, observation of staff instructions, and the public 
announcement all influence the choice of exit [4, 14]. 

If (familiarity = 1 OR observation_staffinstructions = 1 OR observation_pa =1) 

then action_movetoexit(t) = (target = nearest exit) AND (speed = 

intention_evacuate(t)  speed) else action_movetoexit(t) = (target = entrance) AND 

(speed = intention_evacuate(t)   speed) 
Equation 18 

The action walkrandom is a combination of the speed and heading of the 
agent in the environment. The value of intention_walkrand is multiplied 
by the maximum speed of the agent.  

action_walkrand(t) = (heading = random) AND (intention_walkrand   speed) 
Equation 19 
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The action help_other is calculated as stated below, based on previous 
research [8, 10], as described in Section 3.4. When 
(√                    ); whereby agent_location(t) = (x1 y2) 
and agent_location of other passenger(t) = (x2 y2) and other passenger 
fall(t) = 1, then the chance of helping depends on the age+gender of the 
helper and the fallen passenger and whether they share a social identity 
(in-group) or not (out-group). The overall probability of helping is shown 
in Table 1. 

TABLE 1. PROBABILITIES OF HELPING A FALLEN PASSENGER 

 Fallen passenger 

H
el

pe
r p

as
se

ng
er

 

 Social 
identity  

Male 
child 

Male 
adult 

Male 
elderly 

Fem. 
child 

Fem. 
adult 

Fem. 
elderly 

Male adult In-group 0.30 0.15 0.30 0.40 0.30 0.40 
Male elderly In-group 0.15 0.08 0.15 0.20 0.15 0.20 
Male adult Out-group 0.25 0.13 0.25 0.34 0.25 0.34 
Male elderly Out-group 0.13 0.06 0.13 0.17 0.13 0.17 
Fem. adult In-group 0.15 0.08 0.15 0.20 0.15 0.20 
Fem. elderly In-group 0.08 0.04 0.08 0.10 0.08 0.10 
Fem. adult Out-group 0.13 0.06 0.13 0.17 0.13 0.17 
Fem. elderly Out-group 0.06 0.03 0.06 0.08 0.06 0.08 

The expressions of fear and the passenger’s belief of the situation are 
modelled in a simple way, where the values match each other 
instantaneously instead of with a delay, as further detail was not 
necessary in the model.  

express_belief_dangerous(t) = belief_dangerous(t); express_fear(t) = fear(t)  
Equation 20 

3.5.2 Pseudo-code and Model Overview 

The model was implemented in the NetLogo multi-agent language [25]. 
To do so, the formal model presented in the previous section was 
transformed into multiple IF THEN rules. An example of how these rules 
were translated into NetLogo code is shown below, taking Formula 18 
(see previous section) as an example. It is shown that for each agent in 
the model the heading (direction) is set as a random number between 0 
and 360 (degrees), and then based on the age and gender of the agent a 
speed is also set. Then, for the action to walk randomly, the level of the 
intention is multiplied by the speed.  
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;-- EXAMPLE RULE IN NETLOGO -- 
ask agents [ 
    set heading random 360 
    if st_gender = 0 and st_age = 1 [set speed 0.9 + random-float 0.52]   ;female adult 
    set st_action_walkrandom st_intention_walkrand * speed 
] 

Figure 3 shows the activity diagram of the created simulator focusing on 
the internal model. The system updates internal states and actions of 
each agent. After that, it updates the environment, considering the 
actions of the agents, and finalizes the cycle by updating the statistics. 
The simulation stops when all agents are either evacuated or dead. At 
any moment, the user can change the parameters available on the 
interface and influence the environment or agents. 

 

FIGURE 3. ACTIVITY DIAGRAM OVERVIEW OF THE IMPACT CROWD EVACUATION MODEL 

3.6 Validation and Structured Simulation Results 

3.6.1 Validation Results: IMPACT Model versus EXODUS 
Benchmark 

Our IMPACT model has been compared with a benchmark to establish its 
validity. In [12] the validation process and results have been explained 
and discussed already, and a summary is provided here. The EXODUS 
model [26] was selected as a benchmark for the IMPACT model, as it is 
accepted by specialists in this area as realistic [26]. The environment 
selected is called SGVDS1, a complex ship environment composed of 
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three floors, with different escape routes to the four assembly areas [13] 
(Figure 4).  

A validation experiment was conducted comparing three versions of the 
IMPACT model with the benchmark of the EXODUS model (see Table 2 
for the experimental design). The IMPACT model covers more aspects 
than the benchmark EXODUS model, however, so some of the IMPACT 
model’s variables were fixed to enable a fair comparison:  

x Familiarity: it was assumed that everybody was not familiar with 
the environment. 

x Relationship: it was assumed that all passengers were unrelated.  

x Social contagion: this was ‘on’ or ‘off’, depending on the 
experimental condition (see Table 2).  

x The passenger’s speed: in experimental condition 1 the speeds 
indicated in [13] were used. In experimental conditions 2 and 3, 
the speed was calculated by the IMPACT model. 

x Groups and Helping: these were not considered in any 
experimental condition. 

  

FIGURE 4. SCENARIO OF THE SOFTWARE SIMULATION  
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TABLE 2. RESULTS OF THE VALIDATION PROTOCOL FOR THE OVERALL ARRIVAL TIMES. 

Condition Benchmark Experimental 
Condition 1 

Experimental 
Condition  2 

Experimental 
Condition  3 

Explanation Exodus 
SGVDS1 
data 

No Social 
Contagion. 
Response time 
and Speed 
taken from the 
benchmark. 

No Social 
Contagion. 
Response times 
and Speed 
calculated by 
the model itself.  

Social Contagion 
activated. 
Response times 
and Speed 
calculated by the 
model itself. 

FET 585 
(seconds) 

498.6 
(seconds) 

543.4(seconds) 516.6(seconds) 

TAT 0 14.77 7.11 11. 69 
ERD 0 0.568171 0.575657 0.565754 
EPC 0 0.724621 0.731295 0.731634 
SC 0 0.522105 0.423135 0.451471 

The outcome measures of the validation experiment are: (1) Final 
Evacuation Time (FET); (2) the percentage difference between the 
predicted and Total Assembly Time (TAT); (3) the curve differences 
between the predicted and expected arrivals to the Assembly Areas 
(exits). This last measurement is calculated based on Euclidean Relative 
Difference (ERD), Euclidean Projection Coefficient (EPC), and Secant 
Cosine (SC). In [13] it is stated that a ‘good’ TAT should be below 40, 
which is true for all experimental conditions here. For ERD, all 
experimental conditions are over, but close to, the expected boundary 
that is ≤ 0.45, while for EPC, the results stay within the expected 
boundaries of 0.6 ≤ EPC ≤ 1.4. For SC, the values are below the boundary 
0.6, but close to the acceptance threshold. See Table 2 for all the results. 
In Figure 5 below, the assembly curves of the benchmark and the three 
IMPACT versions (the three experimental conditions) are shown. These 
results show that on all measures, the IMPACT model is within or close to 
the prescribed boundaries, thereby establishing its validity. 

 
FIGURE 5. TOTAL ARRIVAL TIME PATTERN FOR ONE SIMULATION RUN OF EXODUS BENCHMARK AND 

IMPACT EXPERIMENTAL CONDITIONS 1, 2 AND 3. 
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3.6.2 Simulation Experiments Setup 

Number of Repetitions. To determine the number of repetitions for each 
combination of factor and level, an evacuation scenario with the most 
variability was run 100 times. First, the cumulative averages and 
variances in evacuation time were inspected to detect the threshold 
number of repetitions at which evacuation time stabilised. Second, 
Equation 22 below was used to find the minimum number of repetitions 
(56) to guarantee that the error in the outcome results is within 5% of 
the maximum error with a 95% confidence level. Then, 60 repetitions of 
each variation were run and the results presented in this Section 
represent the average of these 60 runs. 

  [          ̅⁄ ]                       

Equation 21 

         
                                                                  

                     ;                    
 ̅                                         

Outcome measures and emergence. There are three outcome measures for 
each simulation experiment: (1) evacuation time, (2) total falls, (3) 
response time. The evacuation time was measured as the number of 
seconds from the onset of the fire until all (living) passengers have 
evacuated. The number of falls was measured cumulatively (all falls in 
total in one simulation run). The individual response time was measured 
as the time between the onset of the fire until the passenger develops 
the intention to move to the exit. The reported response time is the 
average of all individual’s response times.  

Besides these outcome measures, emergence is of interest in the 
analyses. Emergence is the spontaneous establishment of a qualitatively 
new behaviour through non-linear interactions of many objects or 
subjects [17]. In other words, it is a behaviour observed at the group 
level, which cannot be directly explained from the individual behavioural 
rules. This could lead to unexpected findings in our simulation 
experiments, because the hypotheses are formulated based on 
individual behavioural rules, since a priori you do not always know what 
group level behaviour will occur. There are important crowd movement 
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phenomena related to evacuation situations known from the literature, 
such as herding, the faster-is-slower-effect, and collective intelligence 
[16,17]. Herding refers to a situation that is unclear and causes 
individuals to follow each other instead of taking the optimal route [16].  
The faster-is-slower-effect refers to when, in evacuation situations, 
certain processes take longer at high speed; so, waiting can sometimes 
help competing people (competing for space) and speed up the average 
progress [17]. Collective intelligence, as Helbing and Johansson name it, 
is emergent functional behaviour of a large number of people resulting 
from interactions of individuals instead of individual reasoning [17].  

We hope our model will create these emergent phenomena, as that 
would prove our model can create self-organisation [9]. Self-organisation 
can be defined as the spontaneous establishment of qualitatively new 
behaviour through non-linear interaction of many objects or subjects 
without the intervention of external influences. However, we do not 
expect our model to show emergent lane formation and the zipper effect 
[9]. Lane formation is a process where a number of lanes of varying 
width form dynamically at a corner; however, the passengers in our 
model do not have to go around a corner towards the exit.  

Other evacuation modellers have studied behavioural and environmental 
effects on evacuation time as well. For example, in [20], it was found that 
the optimal evacuation time needs a combination of herding behaviour 
and the use of environmental knowledge (about the location of exits). In 
[47] it was found that when exits are placed symmetrically in a room, the 
evacuation time is shortest. It was also found that including social 
elements in the model (finding your group member before exiting, 
exiting through the entrance, and not wanting to stop but keep moving 
towards the exit) can make a more robust and realistic model. In [44] the 
social force model (Helbing social force) was implemented in a cellular 
automata model to simulate evacuation from a room with one exit. 
Arching, clogging, and the faster-is-slower-effects were found, showing 
that the three social forces (repulsion, friction, and attraction) can be 
basic reasons for complex behaviours emerging from evacuations. Also, 
changing the width of the door can have a large effect on evacuation 
time. In [11] it is shown that the crowd density around a person has an 
impact on that person’s speed and that this is an exponential 
relationship, with more surrounding people reducing the person’s speed. 
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In [22] it is shown that evacuation time is not only based on the distance 
from the exit but also on effects such as the crowd density around the 
people evacuating and exit choice behaviour. In [27, 28] the social force 
model was applied. It was found that the wider the doors, the less faster-
is-slower-effect there is, because there will be less congestion at the 
door. Also, the repulsive and dissipative forces seem to have the largest 
effects on the faster-is-slower-effect. In [19] a lattice gas model of 
people escaping a smoke filled room was created to replicate the 
findings of an experiment in which blindfolded students had to find the 
exit. It was found that adding exits did not shorten evacuation time, but 
that the evacuation process was based on herding behaviour (following 
the acoustics). Based on these findings from others, we expect the 
evacuation time to increase as crowd density increases in our model. 

Basic settings simulation experiments. Simulation experiments with 
different factors and levels were designed to answer different research 
questions introduced in the following sections. The agent environment 
chosen for the simulations was a square (20 × 20 metres) layout of a 
building with four exits (top, down, left, right; main exit = down). All 
environmental and personal factors such as width of the doors, gender, 
age, and level of compliance were kept constant across simulations. Only 
the factors and levels stated in each experimental setup in the following 
sections were systematically varied. The settings that were kept similar, 
except the few parameters that are structurally changed to answer the 
current research question, are shown in Table 3 below.   

TABLE 3. BASIC PARAMETER SETTINGS FOR THE SIMULATION EXPERIMENTS 

Parameter Setting 
Familiarity 50% (i.e. 50% of passengers are familiar 

with the environment) 
Helping Off 
Falls On 
Contagion Model On 
Percentage Children 15 (based on [29]) 
Percentage Elderly 15 (based on [29]) 
Percentage People Travelling Alone 50 
Group Ratios 33-33-34 (we assume an equal distribution 

for group sizes) 
Percentage Females 50% 
Fire location Random location, but always 3 metres away 

from an exit and present from the 1st 
second 
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Cultural Cluster Distribution Equal division of all passengers over all 11 
clusters (9.09% of passengers per cluster) 

Length of Fall (before standing up) 30 seconds 
Start Fire Alarm 180 seconds after the fire starts 
Start Public Announcement 20 seconds after the fire alarm starts 

3.6.3 Simulation Results: Effect of Falls 

Table 4 shows the design of the simulation experiment to determine the 
effect of falling on evacuation time, total falls, and the average response 
time. The total number of simulation runs is based on the number of 
factors and levels, and number of repetitions per combination of factor 
and level, resulting in 3×2×60=360 simulation runs here. The hypotheses 
were: (1) when falling behaviour is ‘on’, evacuation time will be slower 
than when there are no falls (because it will take extra time to fall and 
stand back up); (2) when falling behaviour is ‘on’, falls will happen, but no 
falls will happen when this feature is turned ‘off’; (3) there will be no 
difference in response times for falling ‘on’ versus ‘off’ (as response time 
precedes evacuation movement). 

TABLE 4. FACTORS AND LEVELS IN THE SIMULATION EXPERIMENT FOR FALLS 

        Factor 
Crowd Density Falls 

Level 1: Low On 
Level 2: Medium Off 
Level 3: High  

Evacuation time. The results are shown in Figure 6. As expected, the 
higher the crowd density, the slower the evacuation time. Unexpectedly, 
though, the evacuation time decreases when falls occur, compared to no 
falls (see Figure 6, top left), which is the opposite of what was expected. 
However, this can be explained due to the fact that the evacuation of the 
fallen agents is delayed, thereby reducing the overall crowd congestion 
at exits. Essentially, then, a more phased evacuation takes place, which 
takes less time. In other words, this could be explained by the faster-is-
slower-effect [17]. This effect reflects the observation that certain 
processes (in evacuation situations, production, traffic dynamics, or 
logistics) take more time if performed at high speed. In other words, 
waiting can often help to coordinate the activities of several competing 
units and thus speed up the overall progress. In our case, falling seems to 
have similar effects to waiting and speeds up the overall evacuation. 
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To find out if these effects could be significant, statistical analyses were 
performed on the data. A 2 × 3 independent ANOVA was performed on 
the evacuation time with Falls (with or without) and Crowd Density (low, 
medium, and high) as between factors. The main effect of Crowd Density 
was significant, F(2, 354) = 12.96, p < .001, and the main effect of falls 
was approaching significance, F(1, 354) = 3.72, p = .055, but the 
interaction effect of Falls × Crowd Density was not significant, F(2, 354) = 
1.23, n.s. Post hoc tests with Tukey HSD corrections showed that only 
high Crowd Density differs significantly from low and medium Crowd 
Density, but low and medium Crowd Density do not differ significantly: 
high-low, p < .001; high-medium, p < .001; low-medium, n.s. In 
conclusion, then, evacuation time seems to significantly increase for high 
crowd density versus low or medium crowd density, and a trend is visible 
for slower evacuation time without falls versus with falls.  

Total number of falls. As expected, both the total falls and average falls 
per person increase as the crowd density increases, for two reasons. 
First, the more agents there are in the environment, the less room there 
is to move and so more falling occurs. Second, the more agents there are 
in the environment, the higher the chances of individuals falling which 
will increase the average rate (see Figure 6, bottom row). A 2 × 3 
independent ANOVA was performed on the Total Falls with Falls (with or 
without) and Crowd Density (low, medium, and high) as between factors. 
The main effects of Falls and Crowd Density and the interaction effect of 
Falls × Crowd Density were significant: F(2, 354) = 5612.60, p < .001; F(1, 
354) = 11306.25, p < .001; F(2, 354) = 5612.60, p < .001, respectively. 
Post hoc tests with Tukey HSD corrections showed that each level of 
Crowd Density differs significantly from each other level: high-low, p < 
.001; high-medium, p < .001; low-medium, p < .001. 

Response time. As expected, response time increases as crowd density 
increases and no significant differences were found in response time for 
falling behaviour ‘on’ versus ‘off’. Statistical analyses confirm these 
findings. A 2 × 3 independent ANOVA was performed on the response 
time with Falls (with or without) and Crowd Density (low, medium, and 
high) as between factors. The main effect of Crowd Density was 
significant, F(2, 354) = 4773.30, p < .001. There was no main effect of 
Falls, F(1, 354) = .012, n.s., and no interaction effect of Falls × Crowd 
Density, F(2,354) = .681, n.s. Post hoc tests with Tukey HSD corrections 
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show that each level of Crowd Density differs significantly from the other 
two: low-medium, p <.001; medium-high, p <.001; low-high, p <.001. 

 

FIGURE 6. EFFECT OF FALLS ON EVACUATION TIME, FALLS, AND RESPONSE TIME. 

3.6.4 Simulation Results: Helping Behaviour 

Table 5 shows the design of the simulation experiment to determine the 
effect of helping behaviour on evacuation time, falls, and response time, 
resulting in 3×2×60=360 simulation runs here. The hypotheses were: (1) 
when people help others, the evacuation time is longer than when 
people do not help (because the helpers will take more time to evacuate; 
although only a small effect is expected); (2) when passengers help 
others, the number of falls will increase (because the helpers next to the 
fallen passengers create more obstacles; although only a small effect is 
expected); (3) no difference is expected in response times for helping 
‘on’ versus ‘off’ (because the decision to evacuate precedes helping). 

TABLE 5. FACTORS AND LEVELS IN THE SIMULATION EXPERIMENT FOR CROWD DENSITY AND HELPING 

 Factor 
Crowd Density Helping 

Level 1: Low On 
Level 2: Medium Off 
Level 3: High  

Evacuation time. The results are shown in Figure 7. As expected, 
evacuation time increases as crowd density increases. However, 
unexpectedly, helping behaviour seems to reduce evacuation time for 
high crowd density environments slightly, but not for low to medium 
crowd density. This could be explained by those helping delaying their 
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evacuation slightly and forming less congestion overall, like a phased 
evacuation, as happened with the falls. Essentially, people will evacuate 
one after another (sequentially) which creates less congestion at the 
doors (see Figure 7, left). Again, this could be explained with the faster-
is-slower-effect, mentioned in the explanation of falls, reducing the 
average evacuation time [17]. When analysing these effects statistically, 
though, only the main effect of crowd density is significant and not the 
effect of helping. A 2 × 3 independent ANOVA was performed on the 
response time with Helping (with or without) and Crowd Density (low, 
medium, and high) as between factors. The main effect of Crowd Density 
was significant, F(2, 354) = 22.87, p < .001. However, there was no main 
effect of helping, F(1, 354) = .119, n.s., and no interaction effect of Falls × 
Crowd Density, F(2, 354) = 1.37, n.s. Post hoc tests with Tukey HSD 
corrections show that only high Crowd Density differs significantly from 
low and medium Crowd Density, and low and medium Crowd Density do 
not differ significantly: high-low, p < .001; high-medium, p < .001; low-
medium, n.s. 

Total number of falls. The number of falls naturally increases as the crowd 
density increases. This increase seems similar for helping behaviour ‘on’ 
and ‘off’, but the difference is actually significant when tested statistically 
(see Figure 7, middle). A 2 × 3 independent ANOVA was performed on 
the total Falls with Helping (with or without) and Crowd Density (low, 
medium, and high) as between factors. The main effects of Crowd 
Density, F(2, 354) = 22.87, p < .001, and Helping were significant, F(1, 
354) = 8.45, p < .01, as was the interaction effect of Helping × Crowd 
Density, F(2, 354) = 5.52, p < .01. Post hoc tests with Tukey HSD 
corrections show each level of Crowd Density differs significantly from 
each other: low-medium, p <.001; medium-high, p < .001; low-high, p < 
.001. In conclusion, the number of falls increases both when crowd 
density increases and also without helping. 

Response time. As expected no differences are observed in the average 
response times for helping behaviour ‘on’ and ‘off’, only an effect of 
crowd density which statistical analyses confirm. A 2 × 3 independent 
ANOVA was performed on the Response Time with Helping (with or 
without) and Crowd Density (low, medium and high) as between factors. 
The main effect of Crowd Density was significant, F(2, 354) = 5162.73, p 
< .001, while neither the main effect of Helping, F(1, 354) = .416, n.s., or 
the interaction effect of Helping × Crowd Density were significant, 
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F(2,354) = .798, n.s. Post hoc tests with Tukey HSD corrections show 
each level of Crowd Density differs significantly from each other: low-
medium, p < .001; medium-high, p < .001; low-high, p < .001 (see Figure 
7, right).  

 

FIGURE 7. EFFECT OF HELPING BEHAVIOUR ON EVACUATION TIME, FALLS, AND RESPONSE TIME 

3.6.5 Experimental Results: Social Contagion and Familiarity 

Table 6 shows the experimental design of the simulation experiment to 
determine the effect of social contagion and familiarity on evacuation 
time, falls, and response time, resulting in 3×3×2×60=1080 simulation 
runs here. The hypotheses were: (1) evacuation time will be faster with 
social contagion than without (because people will still find out from 
others there is a fire, even when not observed personally); (2) when 
crowd density increases, there will be more falls ; (3) when there is social 
contagion, there will be fewer falls (because without it, more people will 
find out the situation is dangerous through the fire alarm, which means 
more people will evacuate simultaneously, thereby falling more); (4) 
response time will be faster with social contagion than without (because 
people who do not observe the fire themselves are informed faster by 
others); (5) response time will be faster the more familiar people are 
with the environment (because taking the nearest exit in combination 
with social contagion will speed up the response time, spreading the 
‘news’ faster than when people all take the same exit); and finally (6) the 
higher the crowd density, the slower the response time. 
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TABLE 6. FACTORS AND LEVELS IN THE SIMULATION EXPERIMENT FOR SOCIAL CONTAGION AND FAMILIARITY 

        Factor 

Crowd Density Familiarity Social Contagion 
Level 1: Low 0% On 

Level 2: Medium 50% Off 

Level 3: High 100%  

Evacuation time. The results are shown in Figure 8. As expected, with 
social contagion there is a decrease in evacuation time compared to 
without, and the more familiar people are with the environment, the 
faster their evacuation time (see Figure 8, top row), which statistical 
analyses confirmed. The social contagion of mental and emotional states 
is a form of collective group decision making or collective intelligence 
[17]. It is also related to herding, as individuals are ‘infected’ with other’s 
decisions and follow them when their own intentions are not as strong as 
those of others around them. [16].  A 2 × 3 independent ANOVA was 
performed on Evacuation Time with Social Contagion (with or without) 
and Crowd Density (low, medium, and high) as between factors. The 
main effects of Crowd Density and Social Contagion and the interaction 
effect of Social Contagion × Crowd Density were significant: F(2, 354) = 
133.81, p < .001; F(1, 354) = 237.76, p < .001; F(2, 354) = 4.35, p < .05, 
respectively. Post hoc tests with Tukey HSD corrections show each level 
of Crowd Density differs significantly from each other: low-medium, p < 
.05; medium-high, p < .001; low-high, p < .001. A 3 × 3 independent 
ANOVA was performed on the Evacuation Time with Familiarity (0%, 
50%, or 100%) and Crowd Density (low, medium, and high) as between 
factors. The main effects of Crowd Density and Familiarity and the 
interaction effect of Familiarity × Crowd Density were significant: F(2, 
354) = 125.83; p < .001, F(1, 354) = 23.16, p < .001; F(2, 354) = 31.10, p < 
.001, respectively. Post hoc tests with Tukey HSD corrections show each 
level of Crowd Density differs significantly from each other: low-medium, 
p < .05; medium-high, p < .001; low-high, p < .001. For Familiarity, only 
0% familiarity differs significantly from 50% and 100%, but not 50% from 
100%: 0%-50% p < .05; 50%-100% n.s.; 0%-100% p < .05. 

Total number of falls. As expected, the number of falls is lower with social 
contagion than without. This can be explained by people starting to 
evacuate earlier, spreading the evacuation across the simulation time. 
Consequently, there are fewer collisions among passengers, which result 
in fewer falls. Familiarity shows the same effect: the more familiar the 
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crowd members are with the environment, the more distributed among 
the exits they are, which consequently leads to fewer collisions and falls 
(see Figure 8, bottom row). Statistical analyses confirmed these 
interpretations. A 2 × 3 independent ANOVA was performed on the Total 
Falls with Social Contagion (with or without) and Crowd Density (low, 
medium, and high) as between factors. The main effects of Crowd 
Density and Social Contagion and the interaction effect of Social 
Contagion × Crowd Density were significant: F(2, 354) = 732.98, p < .001; 
F(1, 354) = 11.88, p < .01; F(2, 354) = 3.42, p <.05. Post hoc tests with 
Tukey HSD corrections show each level of Crowd Density differs 
significantly from each other: low-medium, p < .001; medium-high, p < 
.001; low-high, p < .001. A 3 × 3 independent ANOVA was performed on 
the Total Falls with Familiarity (0%, 50%, or 100%) and Crowd Density 
(low, medium, and high) as between factors. The main effects of Crowd 
Density and Familiarity and the interaction effect of Familiarity × Crowd 
Density were significant: F(2, 354) = 17290.13; p < .001; F(1, 354) = 
6227.45, p < .001; F(2, 354) = 3062.52, p < .001. Post hoc tests with 
Tukey HSD corrections show each level of Crowd Density and Familiarity 
differs significantly from each other: low-medium, p < .001; medium-
high, p < .001; low-high, p < .001; 0%-50%, p < .001; 50%-100%, p < .001; 
0%-100%, p < .001. 

Response time. As expected, response time increases as crowd density 
increases and with social contagion the increase is lower than without 
social contagion. Similarly, the more familiar people are with their 
environment, the less the response time increases as crowd density 
increases. This is explained by familiarity distributing people over the 
available exits, which helps to convey the fear and belief of danger with 
social contagion to others who start to evacuate early (see Figure 8, 
middle row). Statistical analyses confirmed the two main effects of 
crowd density and social contagion. A 2 × 3 independent ANOVA was 
performed on Response Time with Social Contagion (with or without) 
and Crowd Density (low, medium, and high) as between factors. The 
main effects of Crowd Density, F(2, 354) = 410.46, p < .001, and Social 
Contagion were significant, F(1, 354) = 4.46, p < .05, while the interaction 
effect of Social Contagion × Crowd Density was not significant, F(2, 354) 
= 1.16, n.s. Post hoc tests with Tukey HSD corrections show each level of 
Crowd Density differs significantly from each other: low-medium, p < 
.001; medium-high, p < .001; low-high, p < .001. A 3 × 3 independent 
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ANOVA was performed on Response Time with Familiarity (0%, 50%, or 
100%) and Crowd Density (low, medium, and high) as between factors. 
The main effects of Crowd Density and Familiarity and the interaction 
effect of Familiarity × Crowd Density were significant: F(2, 354) = 
11785.94, p < .001; F(1, 354) = 10311.63, p < .001; F(2, 354) = 2334.88, p 
< .001, respectively. Post hoc tests with Tukey HSD corrections show 
each level of Crowd Density and Familiarity differs significantly from each 
other: low-medium, p < .001; medium-high, p < .001; low-high, p < .001; 
0%-50%, p < .001; 50%-100%, p < .001; 0%-100%, p < .001. 

 

FIGURE 8. EFFECTS OF SOCIAL CONTAGION (LEFT COLUMN) AND FAMILIARITY (RIGHT COLUMN) ON 
EVACUATION TIME, RESPONSE TIME, AND FALLS 
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3.6.6 Groups 

Table 7 shows the design of the simulation experiment to determine the 
effect of group size on evacuation time, falls, and response time, 
resulting in 3×4×60=720 simulation runs. The hypotheses were: (1) the 
more people who travel alone, the faster the evacuation time (because 
people will move faster by themselves); (2) the bigger the groups, the 
slower the evacuation time (although this is expected to be a small 
effect); (3) the more people who travel alone, the fewer falls (because 
groups form more congestion; although this is expected to be a small 
effect); (4) the larger the groups, the more falls (because of more 
congestion); (5) the more people who travel alone, the faster the 
response time (because people can evacuate faster); and (6) the bigger 
the groups, the slower the response time (although this is expected to be 
a small effect). 

TABLE 7. FACTORS AND LEVELS IN THE SIMULATION EXPERIMENT FOR GROUPS 

        Factor 
Crowd Density Travelling Alone 

Level 1: Low 100% 
Level 2: Medium 0% (only groups of 2 adults) 
Level 3: High 0% (only groups of 3 adults) 
Level 4:  0% (only groups of 4 adults) 

Evacuation time. The results are shown in Figure 9 and 10. As expected, as 
crowd density increases, evacuation time becomes slower. 
Unexpectedly, though, it seems that people travelling alone and in 
groups of three are slower to evacuate than groups of two and four. 
Indeed, groups of four evacuate the fastest and people travelling alone 
are actually slowest (Figure 9). Statistical analysis confirms this 
interpretation. A 4 × 3 independent ANOVA was performed on 
Evacuation Time with Group Size (1, 2, 3, and 4) and Crowd Density (low, 
medium, and high) as between factors. The main effects of Crowd 
Density and Group Size, and the interaction effect of Group Size × Crowd 
Density were significant: F(2, 354) = 22643.44, p < .001; F(3, 354) = 
137.15, p < .001; F(6, 354) = 3.70, p < .001. Post hoc tests with Tukey 
HSD corrections show that only high Crowd Density differs significantly 
from low and medium Crowd Density: high-low, p < .001; high-medium, 
p < .001; low-medium, n.s. For Group Size, these tests show that a lone 
person does not differ from groups of 3, and groups of 2 do not differ 
from groups of 4; however, all others differ significantly from each other: 
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1-2, p < .001; 1-3, n.s.; 1-4 p < .001; 2-3, p < .01; 2-4, n.s. In conclusion, 
evacuation time increases when crowd density increases and decreases 
for groups of 4 and 2 versus groups of 3 or 1. 

This is unexpected and seems to not be an effect of speed, because all 
group sizes have the same number of falls. Therefore, it does not seem 
to be a faster-is-slower-effect [17]. When inspecting the average speed 
during simulations, it was confirmed that they did not differ for group 
sizes. Also, the outcome measures did not differ significantly for different 
numbers of children and elderly, which could influence the average 
speeds of the groups. However, what could explain groups of four being 
faster than people travelling alone is social contagion in combination 
with moving through space. With social contagion, or collective 
intelligence, groups can ‘infect’ each other faster with emotions and 
beliefs, compared to people travelling alone, which is beneficial for 
evacuation time. Moving through space is implemented with a maximum 
of 8 passengers per patch (square metre), meaning lone passengers and 
groups of 2 and 4 can always use a patch to its maximum capacity, but 
groups of 3 can only fit a maximum of two groups (6 passengers) per 
patch at one time step. This means groups of 3 are a little disadvantaged, 
since groups of 1, 2, and 4 can always move around in space with 
maximum capacity. That could explain why groups of three and people 
alone are slowest and groups of 2 and 4 are fastest. We have tested this 
by running similar simulation experiments like this one, but then (1) 
without social contagion, and (2) with a maximum capacity of 6 people 
per square metre. The expectation is that (1) without contagion, groups 
of 3 will be slowest versus groups of 1, 2 and 4, and (2) with a maximum 
capacity of 6 people per square metre, groups of 4 will be slowest 
compared to people travelling alone and groups of 2 and 3. As expected, 
without social contagion, groups of 3 are slowest in evacuation time (see 
Figure 10). No effects of falls and response time were observed in this 
experiment. Unexpectedly, groups of 3 are not the fastest with a 
maximum capacity of 6 per square metre, but again the slowest. This 
means that social contagion is only part of the explanation for groups 
being slower to evacuate than people travelling alone. We cannot find 
more explanations for this in the literature because (1) the impact of 
groups on crowd dynamics is still largely unknown [24, 31], and (2) we 
have not modelled group formations, such as in [24], that could influence 
the crowd dynamics. We have chosen to model a group as moving 
through space as a ‘square’ group, with all members moving from patch 
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(square metre) to patch simultaneously. So, group formations are no 
explanation either. However, social contagion is part of the effect of 
groups of 2 and 4 being faster than people travelling alone or in groups 
of 3. 

Total number of falls. As crowd density increases, the number of falls 
increase; although no significant differences were found between group 
sizes, as expected. Statistical analysis confirmed this interpretation of the 
graph. A 4 × 3 independent ANOVA was performed on Total Falls with 
Group Size (1, 2, 3, and 4) and Crowd Density (low, medium, and high) as 
between factors. The main effect of Crowd Density was significant, F(2, 
354) = 24048.28, p < .001, but the main effect of Group Size, F(3, 354) = 
1.39, n.s., and the interaction effect of Group Size × Crowd Density were 
not significant, F(6, 354) = 1.93, n.s. Post hoc tests with Tukey HSD 
corrections show that each level of Crowd Density differs significantly 
from each other: low-medium, p < .001; medium-high, p < .001; low-
high, p <.001.  

Response time. As crowd density increases, response time increases. 
Although no significant differences between group sizes were expected, 
statistical analysis showed that groups of 2 and 4 are faster in their 
response time than groups of 1 and 3. This seems plausible as it is similar 
with the evacuation time, which both can be explained by the social 
contagion effects. A 4 × 3 independent ANOVA was performed on 
Response Time with Group Size (1, 2, 3, and 4) and Crowd Density (low, 
medium, and high) as between factors. The main effects of Crowd 
Density, F(2, 354) = 9634.55, p < .001, and Group Size were significant, 
F(3, 354) = 43.73, p <.001, and the interaction effect of Group Size × 
Crowd Density was not, F(6, 354) = .467, n.s. Post hoc tests with Tukey 
HSD corrections show that each level of Crowd Density differs 
significantly from each other: low-medium, p < .001; medium-high, p < 
.001; low-high, p < .001; and group size 1 and 3 do not differ significantly, 
while the other group sizes do: 1-2, p < .001; 1-3, n.s.; 1-4, p < .001; 2-3, 
p < .001; 2-4, p < .001; 3-4, p < .001. Taking all these results into account, 
it seems that social contagion is the biggest cause for the group effects.  



82   Validation and Structured Simulation Results 

 

FIGURE 9. EFFECTS OF GROUPS ON EVACUATION TIME, FALLS, AND RESPONSE TIME 

 

FIGURE 10. EFFECTS OF GROUPS ON EVACUATION TIME WITH A MAXIMUM TRAVEL CAPACITY OF SIX PEOPLE 
PER M

2
 (LEFT) AND WITHOUT SOCIAL CONTAGION (RIGHT) 

3.6.7 Age 

Table 8 shows the design of the simulation experiment, resulting in 
3×2×60=360 simulation runs here. The hypotheses were: (1) elderly 
people have slower evacuation times, compared to adults (because 
elderly people move slower); (2) there will be no differences in number 
of falls between adults and elderly people; (3) there will be no 
differences in response time between adults and elderly people. 

TABLE 8. FACTORS AND LEVELS IN THE SIMULATION EXPERIMENT FOR AGE 

        Factor 
Crowd Density Age 

Level 1: Low Travelling alone 100% adults 
Level 2: Medium Travelling alone 100% elderly 
Level 3: High  

Evacuation time. The results are shown in Figure 11. As crowd density 
increases, so does evacuation time. As expected, elderly people seem to 
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be slower in evacuating than adults, most likely due to their slower 
movement. In this experiment, all passengers are elderly or adults 
exclusively, so the exact same effects are there with the elderly as with 
adults. For instance, there is no faster-is-slower-effect [17] here for age, 
because that would require differences in speed within the same 
simulation run. So, in this case, faster speed does mean faster 
evacuation. Here, the faster-is-slower-effect was present for the adults 
by themselves, but as a result of falls, again. However, the elderly did not 
fall based on their slower speeds, which in turn prevented a faster-is-
slower-effect for them based on falls (see Figure 11). Indeed, statistical 
analysis showed there was an effect of age. A 2 × 3 independent ANOVA 
was performed on Evacuation Time with Age (adult, elder) and Crowd 
Density (low, medium, and high) as between factors. Both the main 
effects of Crowd Density, F(2, 354) = 35.40, p < .001, and Age were 
significant, F(1, 354) = 3.20, p < .001, but the interaction effect of Age × 
Crowd Density was not significant, F(2, 354) = .359, n.s. Post hoc tests 
with Tukey HSD corrections show that each level of Crowd Density differs 
significantly from each other level: low-medium, p <.001; medium-high, 
p <.001; low-high, p <.001. 

Total number of falls. As expected, as crowd density increases, the 
number of falls increases. Unexpectedly and very interestingly, elderly 
people have no falls and the falls of the adults increase as crowd density 
increases. No falls for elderly people seems unrealistic in real life, 
however, because elderly people should be more prone to falling than 
adults. The explanation for this finding is based on how falls are 
implemented in this model. Currently, they are based on the speed of 
the passengers and their age is not taken into account, so this could be 
improved in a future version on the IMPACT model. Discounting age, 
based on speed alone it makes sense that passengers who move slower 
have fewer falls (see Figure 11). Statistical analysis confirmed these 
interpretations of the graphs. A 2 × 3 independent ANOVA was 
performed on Total Falls with Age (adult, elder) and Crowd Density (low, 
medium, and high) as between factors. The main effects of Crowd 
Density, F(2, 354) = 13245.73, p < .001, and Age were significant, F(1, 
354) = 26056.94, p <.001, and the interaction effect of Age × Crowd 
Density was also significant, F(2, 354) = 13245.73, p < .001. Post hoc tests 
with Tukey HSD corrections show that each level of Crowd Density differs 



84   Validation and Structured Simulation Results 

significantly from each other level: low-medium, p < .001; medium-high, 
p < .001; low-high, p < .001. 

Response time. As expected, as crowd density increases, response time 
becomes slower. Also, as expected, the response time does not differ 
significantly between the elderly and adults (see Figure 11). Statistical 
analysis confirmed this interpretation of the graph. A 2 × 3 independent 
ANOVA was performed on Response Time with Age (adult, elder) and 
Crowd Density (low, medium, and high) as between factors. The main 
effect of Crowd Density was significant, F(2, 354) = 5507.43, p < .001; 
however, the main effect of Age, F(1, 354) = 2.52, n.s., and the 
interaction effect of Age × Crowd Density were not significant, F(2,354) = 
.03, n.s.. Post hoc tests with Tukey HSD corrections show that each level 
of Crowd Density differs significantly from each other level: low-medium, 
p < .001; medium-high, p < .001; low-high, p < .001. 

 

FIGURE 11. EFFECTS OF AGE (SPEED) ON EVACUATION TIME, FALLS, AND RESPONSE TIME 

3.6.8 Compliance 

Table 9 shows the design of the simulation experiment to determine the 
effect of compliance on evacuation time, number of falls, and response 
time, resulting in 3×2×60=360 simulation runs here. The hypotheses 
were: (1) evacuation time is faster for 100% compliance than 0% 
compliance; (2) more falls will happen with 100% compliance compared 
with 0% (because people will evacuate faster resulting in crowding and 
so more falls); (3) response time will be faster for 100% compliance 
compared to 0% (because people will decide to evacuate faster). This 
simulation experiment was also run for adults and the elderly, both 
female and male. With the current parameter settings, no significant 
differences between females and males or adults and the elderly were 
found, meaning that the difference in the current compliance level 
settings for gender and age do not create differences in the actions (see 
Section 3.5.1 for these settings). Therefore, to find the effect of the 
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compliance parameter, this experiment was set up comparing a low with 
a high level. For a maximum effect of compliance, levels 1 and 0 were 
preferred, but the simulation does not run with compliance set to 0, 
since the passengers will not move then. Compliance set to 0.001 or 0.01 
resulted in one simulation run taking multiple days. With the value of 0.1 
there is still a large effect of compliance to be seen and the simulation 
runs were practically feasible to run, so this level was selected for the 
experiment. 

 TABLE 9. FACTORS AND LEVELS IN THE SIMULATION EXPERIMENT FOR COMPLIANCE 

        Factor 

 Crowd Density Compliance 

Level 1: Low compliance level 0.1 (only male adults) 

Level 2: Medium compliance level 1 (only male adults) 

Level 3: High  

Evacuation time. Results are shown in Figure 12. As expected, as crowd 
density increases, evacuation time increases, and high compliance 
results in faster evacuation time than low compliance. A 2 × 3 
independent ANOVA was performed on Evacuation Time with 
Compliance (low, high) and Crowd Density (low, medium, and high) as 
between factors. The main effects of Crowd Density and Compliance and 
the interaction effect of Compliance × Crowd Density were all significant: 
F(2, 354) = 33.75, p <.001; F(1, 354) = 3092.49, p <.001; F(2,354) = 6.65, 
p <.001, respectively. Post hoc tests with Tukey HSD corrections show 
that each level of Crowd Density differs significantly from each other 
level: low-medium, p < .01; medium-high, p < .001; low-high, p < .001. 

Total number of falls. As expected, more falls happen as crowd density 
increases and when there is high compliance versus low compliance. No 
falls happened in the low compliance simulation runs, though, which can 
be explained by the slower speed that is a result of low compliance. A 2 × 
3 independent ANOVA was performed on Total Falls with Compliance 
(low, high) and Crowd Density (low, medium, and high) as between 
factors. The main effects of Crowd Density and Compliance and the 
interaction effect of Compliance × Crowd Density were all significant: F(2, 
354) = 13110.60, p < .001; F(1, 354) = 25825.15, p < .001; F(2,354) = 
13110.60, p < .001, respectively. Post hoc tests with Tukey HSD 
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corrections show that each level of Crowd Density differs significantly 
from each other level: low-medium, p < .001; medium-high, p < .001; 
low-high, p < .001. 

Response time. Response times for male adults are shown in Figure 12, 
which do not significant differ from female adults and the elderly, as 
expected, and show a similar pattern for a high compliance level. The 
response time for the low compliance level did not register in the 
simulations; that is why the response time for male adults with a 
compliance level of 0.89 are shown and analysed. An independent one-
way ANOVA was performed on the Response Time of male adults with 
Crowd Density (low, medium, and high) as a between factor. The main 
effect of Crowd Density was significant, F(2, 717) = 397678.37, p < .001. 
Post hoc tests with Tukey HSD corrections show that each level of Crowd 
Density differs significantly from each other level: low-medium, p < .001; 
medium-high, p < .001; low-high, p < .001. 

      

 

FIGURE 12. EFFECTS OF COMPLIANCE ON EVACUATION TIME, FALLS, AND RESPONSE TIME 

3.6.9 Environment 

Table 10 shows the design of the simulation experiment to determine 
the effect of room type on evacuation time, falls, and response time, 
resulting in 3×6×60=1080 simulation runs here. The hypotheses were: (1) 
evacuation time increases faster in the rectangular room than the square 
room (because people take more time to reach the exits); (2) the 
number of falls is higher in the rectangular room (because people use 
more steps to reach the exits); (3) response time is slowest in the 
rectangular room (because in larger rooms there is less chance of 
observing the fire). 
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TABLE 10. FACTORS AND LEVELS IN THE SIMULATION EXPERIMENT FOR ENVIRONMENT 

 Factor 
Crowd Density Room type 

Level 1: Low Type 1 (square, 20 × 20 metres) 

Level 2: Medium Type 2 (rectangle 20 × 40 
metres) 

Level 3: High  

Evacuation time. Results are shown in Figure 13. As expected, evacuation 
time increases as crowd density increases, although this only happened 
for high crowd density and not low and medium densities (see Figure 13, 
left). Statistical tests confirm this interpretation of the graph. A 2 × 3 
independent ANOVA was performed on Evacuation Time with Room 
Type (square or rectangle) and Crowd Density (low, medium, and high) 
as between factors. The main effects of Crowd Density and Room Type 
and the interaction effect of Room Type × Crowd Density were all 
significant: F(2, 354) = 104.97, p < .001; F(1, 354) = 443.17, p < .001; 
F(2,354) = 35.07, p <.001, respectively. Post hoc tests with Tukey HSD 
corrections show that high Crowd Density differs significantly from low 
and medium, but low and medium do not differ significantly: low-
medium, n.s.; medium-high, p < .001; low-high, p < .001. 

Total number of falls. As crowd density increases, so do the number of 
falls. The number of falls also increase faster in the larger room than in 
the smaller room. Note that the increase in falls is not due to more space 
in the rectangular room and more space to move (faster) towards the 
exits, as the crowd densities are kept the same relative to the total 
square metres of the room. Rather, a longer pathway (more steps 
towards the exit) increases the chance of falling (see Figure 13, middle). 
Statistical analysis confirms this interpretation of the graph. A 2 × 3 
independent ANOVA was performed on Total Falls with Room Type 
(square or rectangle) and Crowd Density (low, medium, and high) as 
between factors. The main effects of Crowd Density and Room Type and 
the interaction effect of Room Type × Crowd Density were all significant: 
F(2, 354) = 2100.66, p < .001; F(1, 354) = 1524.03, p < .001; F(2,354) = 
893.53, p < .001. Post hoc tests with Tukey HSD corrections show that 
each level of Crowd Density differs significantly from each other level: 
low-medium, p < .001; medium-high, p < .001; low-high, p < .001. 
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Response time. As expected, the response time is slower in the 
rectangular room than in the square room and also increases as crowd 
density increases (see Figure 13, right). Statistical analysis confirms this 
interpretation of the graph. A 2 × 3 independent ANOVA was performed 
on Response Time with Room Type (square or rectangle) and Crowd 
Density (low, medium, and high) as between factors. The main effects of 
Crowd Density and Room Type and the interaction effect of Room type × 
Crowd Density were all significant: F(2, 354) = 5648.72, p < .001; F(1, 
354) = 11279.66, p < .001; F(2, 354) = 1003.42, p < .001, respectively. 
Post hoc tests with Tukey HSD corrections show that each level of Crowd 
Density differs significantly from each other level: low-medium, p < .001; 
medium-high, p < .001; low-high, p < .001. 

 

FIGURE 13. EFFECTS OF ROOM TYPE ON EVACUATION TIME, FALLS, AND RESPONSE TIME 

3.6.10 Comparing Results: Influence of Socio-Cultural, Cognitive, 
and Emotional elements 

In this section, the effects of the socio-cultural, cognitive, and emotional 
elements in the model will be compared to identify how much each 
element influences the total evacuation time. In this way, the added 
value of each element can be interpreted. Of course, this is in the case of 
the empty environment studied in the simulation experiments, where 
only the human behaviour is studied during evacuation. In real life, the 
effects of the socio-cultural, cognitive, and emotional elements will be 
combined with environmental influences, such as obstacles, stairs, 
corridors, lanes, and pathways. Table 11, below, shows the effects of 
each model element (e.g. falling, helping, social contagion) on the total 
evacuation time in seconds and is expressed as a percentage of relative 
difference compared to the benchmark. The relative differences of each 
model element range from reducing the total evacuation time by 30% to 
increasing it by 705%. Most notable are the decreases in evacuation time 
caused by social contagion of 20%, familiarity of between 6.6% and 7.5%, 
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and travelling in groups of between 2.4% and 30%. Compliance and 
environment type also have a very large effect on the evacuation time – 
increasing it by 184.2% and 705%, respectively – but these two effects 
are harder to compare in size with the others in the table, because the 
parameter settings of compliance and the sizes of the environment types 
made the effect very large. The other effects are comparable, though, 
because the human behaviour all takes place in the same environment 
and the settings chosen are realistic. In conclusion, the socio-cultural, 
cognitive, and emotional elements that can be compared – falling, 
helping, social contagion, familiarity with environment, group sizes, and 
age – have an effect on evacuation time between decreasing it by 30% to 
increasing it by 3%.  

TABLE 11. EFFECTS OF SOCIO-CULTURAL, COGNITIVE, AND EMOTIONAL ELEMENTS ON EVACUATION TIME 

Model 
Element 

Variations Average 
Evacuation 
Time 
(seconds) 

Difference 
from 
benchmark 
(seconds) 

Relative 
difference from 
benchmark 
(percentage) 

Falls Off (benchmark) 324.31   

 On 293.51 -30.8 -9.5% 
Helping  
Behaviour 

Off (benchmark) 302.57   

 On 298.86 -3.71 -1.2% 
Social 
Contagion 

Off (benchmark) 396.12   

 On 317.27 -78.85 -20.0%** 
Familiarity 0% of passengers 

familiar with 
environment 
(benchmark) 

412.47   

 50% of passengers 
familiar with 
environment 

385.38 -27.09 -6.6%*** 

 100% of 
passengers familiar 
with environment 

381.52 -30.95 -7.5%*** 

Groups People travelling 
alone (benchmark) 

311.29   

 Groups of two 282.95 -28.37 -9.1%*** 
 Groups of three 303.87 -7.42 -2.4%*** 
 Groups of four 217.79 -93.5 -30.0%*** 
Age All adults 

(benchmark) 
307.6   
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 All elderly people 316.83 +9.23 +3.0%*** 
Compliance High compliance 

(1.0) (benchmark) 
301.17   

 Low compliance 
(0.1) 

856.03 +554.86 +184.2%*** 

Environme
nt 

Small square room 
(20 × 20 metres) 
(benchmark) 

313.07 
 

  

 Big rectangle room 
(20 × 40 metres) 

530.86 
 

+217.79 +705.0%*** 

significant main effect: **P<.01, ***P<.001 

3.7 Conclusion and Discussion 
The aim of this research was to create and validate an evacuation 
simulation that includes socio-cultural, cognitive, and emotional factors 
in response to the need for more realistic crowd models that incorporate 
psychological and social factors. The development of the model drew on 
insights from social and cross-cultural psychology, interviews with crisis 
management experts, and was based on scientific findings and literature. 
The model was validated against data from an evacuation drill simulated 
by the existing EXODUS evacuation model [13, 26]. Our IMPACT model 
was compared with this benchmark on multiple outcome measures and 
results showed that, on all measures, the IMPACT model was within or 
close to the prescribed boundaries, thereby establishing its validity. 

Next, multiple simulation experiments were run to answer research 
questions concerning the effects of the socio-cultural, cognitive, and 
emotional elements in the model on evacuation time, total number of 
falls, and response time. Important findings are that emergent effects, 
such as the faster-is-slower-effect [17], were found in our results in new 
forms: as effects of falling, helping, social contagion, and familiarity with 
the environment. For instance, both falling behaviour and helping (in 
high crowd density) led to faster evacuation times. The explanation is 
that falling and helping create a more phased evacuation – as the delays 
they cause effectively stagger the evacuation and reduce congestion – 
that results in a faster overall process. Moreover, as expected, social 
contagion also creates faster evacuation times, because information 
about the need to evacuate spreads faster than without social contagion. 
It also unexpectedly led to less falls, which again can be explained by the 
faster-is-slower-effect. Again, like with falls and helping, people are more 
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phased in their evacuation, meaning less congestion at the bottlenecks 
(the exits) and therefore less falls. Furthermore, the more people are 
familiar with the environment: (1) the faster the evacuation time, (2) the 
fewer the falls, and (3) the faster the response time. These results are a 
combination of a phased evacuation (meaning less congestion and fewer 
falls, and therefore a faster-is-slower-effect resulting in faster evacuation 
time), less congestion (more people spread through the environment 
going to the nearest exits instead of all taking the same exit, meaning 
fewer falls), and social contagion (the decision to evacuate can spread 
faster, meaning faster response times and evacuation times). Groups 
also showed an interesting effect. The current model suggests it is 
actually faster to evacuate in groups than alone. This was not based on 
speed, and therefore not a faster-is-slower-effect, but partly based on 
social contagion (collective intelligence and herding). The impact of 
groups on crowd dynamics is still largely unknown [24] and we have not 
modelled group formations, such as in [24], that could influence the 
crowd dynamics. Rather, we had chosen to model a group as moving 
through space as a ‘square’ group, with all members moving from patch 
(square metre) to patch simultaneously. The effect of group formations 
would therefore need further research with the current model.  

The faster-is-slower-effect was not found when comparing age groups, 
however, as the elderly evacuated more slowly than adults although 
moving more slowly. The reason for the faster-is-slower-effect not being 
present here for age is that it would require differences in speed within 
the same simulation run. In this model, however, all passengers within a 
simulation were either exclusively fast (adults) or slow (elderly people), 
which meant that faster speed means faster evacuation here. For adults 
by themselves the faster-is-slower-effect was present, but then as a 
result of falls. The elderly did not fall due to their slower speeds, which in 
turn prevented a faster-is-slower-effect when looking at falls instead of 
speed. The elderly did not fall once in the simulation which is not realistic 
in real life, since elderly people are more prone to falling. The current 
implementation of falling is based on speed alone and therefore needs 
to be improved to also take age into account. With a high level of 
compliance, people evacuate faster than with a low level of compliance, 
as expected. The current settings of compliance levels do not make 
enough differentiation between different ages and genders to have an 
effect. The simulation experiment showed that the compliance 
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parameter can have an effect, but not with the current model settings. It 
needs to be decided if this parameter can be omitted or if new 
parameter settings for different ages and genders can be calculated from 
new data. Finally, in the smaller square room (20 × 20 metres), 
evacuation was faster than in the larger rectangular room (20 × 40 
metres). Also, in the smaller square room there were fewer falls and a 
faster average response time than expected. Essentially, taking more 
steps towards the exit means more chance of falling.  

Comparing all simulation results together, the socio-cultural, cognitive, 
and emotional elements have an effect from reducing evacuation time 
by 30% through to increasing it by 3% when the following model 
elements are considered: falling, helping, social contagion, familiarity 
with environment, group sizes, and age. However, the parameter 
settings of compliance and the sizes of the environment types made 
these effects very large (increasing evacuation time up to 705%) and are 
therefore left out in this comparison. Overall, this demonstrates that 
including socio-cultural, cognitive, and emotional elements in evacuation 
models is both feasible and vital, as they can influence evacuation time 
by up to 30%. Of course, this is only based on our experiments in an 
empty square room, where there is no interaction with environmental 
features such as obstacles, corridors, counterflows, stairs, and others. 
Therefore, this (maximum) 30% effect on evacuation time should be 
seen as a ‘pure’ effect of the socio-cultural, cognitive, and emotional 
elements in the model, without these additional environmental 
influences.  

The strengths of this research are the inclusion of psychological and 
socio-cultural aspects in the crowd simulation model, based on research 
literature and support from stakeholders. Furthermore, the statistical 
analyses of the experimental results strengthen the interpretations. The 
current weaknesses of this work are that not every socio-cultural, 
cognitive, and emotional parameter that was identified during the 
development of the model is yet implemented to test, such as 
passengers’ disabilities. Conversely, though, the more parameters in the 
model, the more complex it becomes, and the more difficult it is to 
analyse and interpret all the results, so there are also benefits to this. 
Furthermore, the results of the simulations cannot be taken for granted 
and they will naturally remain estimations. However, because the 
simulations are based on sufficient background literature, and research 
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and interaction with stakeholders, we believe them to be sound 
estimations. Moreover, the work limits itself to making predictions about 
the influence of human behaviour on the evacuation process. All the 
socio-cultural, emotional, and cognitive effects were tested in an empty 
room with four exits. In real life, these effects would be combined with 
the influences of the environment itself, such as corridors, number of 
exits, stairs, and obstacles. This research could therefore be extended by 
investigating the combined effect of these elements with the 
environment, like in [42]. Also, a very important phenomenon – 
counterflow – was not modelled here. In the current model, all 
passengers can always take their own pathway towards an exit and do 
not have to cross or overtake others in the simulation. Therefore, the 
effects of counterflows are not modelled. Also, it was assumed that 
when people fall they can stand up again after a while. In reality, people 
could be trampled on or injure themselves and therefore not be able to 
stand up again. Consequently, the way we modelled falling behaviour 
here is just a first step towards studying this effect. However, it is difficult 
to model, since there is no research conducted yet (to the knowledge of 
the authors) that indicates what the chances of falling are in certain 
crowd densities and environments, and also how long it takes to stand 
back up. Future work consists of developing the model further to 
simulate realistic transport hub environments and extending the 
pathfinding behaviour with more heuristics.  

To conclude, we reiterate three points that summarise our findings and 
implications: (1) our model is a realistic evacuation simulation, validated 
in comparison with an established model and demonstrating well-known 
emergent effects, such as the faster-is-slower-effect; (2) we would 
recommend that evacuation simulation modellers include socio-cultural, 
emotional, and cognitive elements in future models, based on the 
substantial effect sizes found here (reducing evacuation time by up to 
30%), especially social contagion; (3) cultural and social diversity can be 
beneficial to evacuation as they create more phased evacuations, which 
create an overall benefit from the faster-is-slower-effect. Further 
implications are that transport operators, emergency managers, and 
prevention professionals can use these kinds of agent-based models to 
predict outcomes and inform decision making when designing systems 
[5]. These models could also be used to support periodic safety and 
security risk assessments and mandatory risk assessments when 
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environments or procedures change, and/or when new communication 
processes or technologies are implemented. Also, policy makers could 
use these models to support the identification of mandatory regulations 
and standards with respect to communication for emergency prevention 
and management. In conclusion, these are promising developments and 
the incorporation of further psychological insights into crowd simulations 
will help enhance the realism of these models and the accuracy with 
which they can predict and prevent crowd disasters. 

This research was undertaken as part of the EU HORIZON 2020 Project IMPACT (GA 
653383) and Science without Borders – CNPq (scholarship reference:  233883/2014-2). 
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CHAPTER 4: Studying the Impact of Trained Staff on 

Evacuation Scenarios by Agent-Based Simulation 1 

Abstract. Human evacuation experiments can trigger distress, be unethical and present 
high costs. As a solution, computer simulations can predict the effectiveness of new 
emergency management procedures. This paper applies multi-agent simulation to 
measure the influence of staff members with diverse training levels on evacuation time. 
A previously developed and validated model was extended with explicit mechanisms to 
simulate staff members helping people to egress. The majority of parameter settings 
have been based on empirical data acquired in earlier studies. Therefore, simulation 
results are expected to be realistic. Results show that staff are more effective in complex 
environments, especially when trained. Not only specialised security professionals but, 
especially, regular workers of shopping facilities and offices play a significant role in 
evacuation processes when adequately trained. These results can inform policy makers 
and crowd managers on new emergency management procedures. 
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4.1 Introduction 
Crowd incidents show the importance of well trained staff being present 
during evacuations. From past incidents it becomes clear that staff 
members need to communicate to the crowd what is happening as well 
as manage the directions and density of the crowd. The 1968 crowd 
crush disaster in Buenos Aires2 was mainly due to the absence of clear 
exit signage and stewards to guide the public to the correct exit. It was 
unclear for people where the entry and exit points were. People moved 
towards exit gates that were closed, leading to 74 fatalities and 150 
injured. In 1999, 54 people died, and 150 people injured in a crowd crush 
in a station in Minsk, Belarus3. More than 1000 people rushed inside the 
station tunnel to find cover from a thunderstorm. There was not enough 
staff present to manage the people entering the station. They had no 
information on what was happening further down the tunnel, where 
people had been trampled. Two policemen that tried to manage the 
crowd died. The 2003 tragedy in the Station Nightclub in Rhode Island, 
USA, is also partly due to untrained staff4. Bar staff or managers should 
have stopped the band playing during the fireworks. Most people taking 
the familiar route to the entrance, this resulted in people getting stuck in 
the entrance and a hundred deaths. 

As illustrated by these scenarios, staff members play a critical role in 
successfully evacuating a crowd during incidents. Moreover, in addition 
to regular security personnel and crowd managers, also other staff 
members such as bartenders, hostesses and food sellers may be crucial. 
In different environments, the same person can show different 
behaviours during a fire [1]. For example, when a fire in one’s own house 
appears, the person most likely evacuates immediately or tries to stop 
the fire. When this person is in a shop or other public building, the 
person will expect the management of this building to be responsible for 
evacuation and initiating it [2]. Another explanation is that these non-
security staff members know the environment, and most likely know 
what to do [3]. Be it security personnel or other staff, the fact is that staff 
members are not always well trained for evacuation and crowd 
management. This is partly because of responsibility, but also because of 

 
2
 https://www.cbsnews.com/news/major-soccer-stadium-disasters    

3
 http://news.bbc.co.uk/1/hi/world/europe/356828.stm  

4
 https://en.wikipedia.org/wiki/The_Station_nightclub_fire   
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the excessive costs and practical difficulties associated with evacuation 
training.  

In [4, 5] the authors analyse the regular staff behaviour (workers of 
stores) in five unannounced evacuations of Marks and Spencer retail 
stores. The client`s store started to evacuate on average 30.3 seconds 
after the alarm and the call to evacuate had been activated. The most 
notable of this case are the standard deviations ranging from 1 to 100 
seconds among the population to start to evacuate. Results showed that 
regular staff behaviour is crucial to start the evacuation and 
inappropriate staff response could even induce long evacuation delays. A 
further study inspected the pre-movement times across 4 of the same 
stores [3]. It found a mean pre-movement time range from 25 to 37 
seconds with standard deviations ranging from 13 to 19 seconds. Still, 
that time range is considerably less than the recognition times quoted in 
the British fire safety norm BSI DD240. The paper concludes that training 
staff should not be underestimated. Different incidents are reviewed and 
compared in [5]. In one of the cases, a fire in Japan took only 10 minutes 
to cover an entire floor, which indicates the importance of a fast 
evacuation. According to [6], the staff have a flagrant influence on the 
dynamics of an evacuation in many cases, as they have the power to 
calm down the population. Similarly, Vries et al. [7] suggest that the 
words said, attitude, and behaviour of employees transmit a sense of 
safety to a crowd. 

As human evacuation experiments can trigger distress, be unethical and 
present high costs, computer simulations can be a solution to determine 
the effectiveness of new emergency management procedures. Few 
evacuation models consider social aspects in evacuations and almost 
none include staff members instructing evacuees. The ASCRIBE model [8] 
represents crowd members as agents that possess a number of static 
personality characteristics (openness and expressiveness) as well as 
dynamic mental states (beliefs, intentions and emotions). The ESCAPES 
model [9] also features mechanisms to represent the mental states of 
agents, as well as their interactions. In contrast to ASCRIBE, the authors 
in [22] do study the role of security personnel. Their agents are modelled 
by giving them a low ‘FearFactor’ and a high ‘calming effect’ on other 
agents. A similar, but slightly different system for crowd simulation is 
MACES [10]. Within MACES, agents have different stress levels, where 
high levels of stress may result in more difficulty to orient oneself quickly. 
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Different agent roles are explored, such as trained leaders, untrained 
leaders and untrained non-leaders. The authors conclude that 
communication is a key factor to a success evacuation.  

In this research, we build upon the results discussed in these papers by 
studying the effect of communication skills of security personnel on 
evacuation time. The presence of calm authorities in the environment 
has a contagious effect on the population, and it is well known that not 
running reduces the evacuation time due to fewer falls and less 
congestion at the exits [11, 12]. As perceived in the situations described 
above, we observe relevant aspects shared by incidents that are 1) Every 
minute is important to a successful evacuation; 2) The staff influences 
the decision to start to evacuate; 3) Even with most people evacuating 
voluntarily in a brief period of time, part of them still remain in the 
environment, delaying the decision to evacuate. Those people should be 
the target to an efficient evacuation. 

Indeed, the current paper is part of a larger project that aims to develop 
a simulation-based system to train staff members in how to act in 
stressful circumstances [13]. The emphasis is on adequate 
communicative skills, e.g., how to quickly convince passers-by that (and 
how) they have to evacuate from a burning building without making 
them more stressed. Our expectation is that having more and better 
trained personnel generally results in more efficient evacuation 
procedures. However, the extent to which this will be the case and the 
precise circumstances in which trained staff members are beneficial are 
hard to predict without actually testing this in real scenarios. As a 
solution, agent-based simulation is used in this research to better 
understand the impact of trained staff on evacuation scenarios.  

The main research question is what is the effect of the level of training of 
staff members on the evacuation time in environments that differ in 
complexity? To answer this question, we chose an existing crowd 
simulation model [14–16] and extended it by explicitly incorporating the 
role of staff members with different levels of training. By systematically 
varying the model’s parameters and running simulations, the impact of 
staff training on evacuation time can be determined. The remainder of 
this paper is structured as follows. Section 4.2 describes the used model 
while Section 4.3 presents results of the simulations. Section 4.4 
concludes the paper with a discussion. 
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4.2 Model Description 
The evacuation dynamics were modelled using an agent-based model 
with the beliefs-desires-intentions paradigm [17] and a temporal-causal 
network modelling approach [18]. Figure 8 of Appendix shows a 
representation of the internal decision process of an individual, his (or 
her) actions and the external factors that influence his beliefs, desires 
and intentions. Each node has a value between 0 and 1 and represents a 
characteristic, action or external stimulus. The oriented arrows indicate 
how one or several nodes influence other nodes at each simulation step. 
Each arrow has a weight that regulates its contribution in a node input. 
Some nodes have fixed values e.g.: ‘Gender’ is 0 or 1, indicating the 
gender of the agent. Others have formulas which combine the input 
signals to generate a new node output transmitted to following nodes. 
Details of connection weights and node formulas are described in our 
previous work [14]. The model was validated against a complex 
benchmark named Exodus5. 

The results are close to expected by the benchmark, see [19] for more 
details. The actions of the agents are described in Table 1 of Appendix. 
The internal states can be divided in beliefs, intents and intermediate 
states among beliefs, intentions and actions. The familiarity node 
represents the agent’s beliefs about the environment. It is binary, either 
the agent knows the environment or not. If it is familiar with the 
environment, then it always takes the nearest exit. If it is not familiar, it 
will trace a route to the main exit after it decides to evacuate. In the 
midway of its position and the main exit, it can be convinced by a staff 
agent to follow him to the nearest exit. The intention to evacuate 
depends on the belief of danger, which is directly linked to observations 
from the external world. The fear belief is a combination between 
external stimuli and feedback loops of desire to evacuate and desire to 
walk randomly. These last two states compete with each other. They 
inversely drive the two intention states. Other cultural factors like 
nationality, compliance, age and gender impacts on several internal 
nodes and they define the individual personality of each agent. 
Observation states link external events with the internal model and they 
are part of the personality. The weights of the links connecting these 
states give more importance to external events when they are set close 

 
5
 http://fseg.gre.ac.uk/exodus/index.html  
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to 1 or less importance when set close to 0.  All these factors are 
considered because of their importance in the incident scenarios. 
Parameters like speed range of males, females, children and elders; 
nationality, compliance and fall rate are set according to technical 
specifications, see [14] for more details. The external stimuli of each 
agent are described in Table 2 of Appendix. 

An agent can observe the instructions of one or more staff members 
several times, as described at the end of this section. It always has the 
option to either accept the staff suggestion or not. Together with other 
nodes, the obs_staff_instr node is directly linked to the 
action_movetoexit node. The action_movetoexit is a combination of the 
speed of the passenger and his target: one of the exits. The value of the 
intention to evacuate influences the speed of moving to the exit. The 
familiarity, observation of staff instructions, and the public 
announcement influences the choice of exit [20]. The obs_staff_instr is 
either 0 or 1. If the agent observes a staff agent, then it has a chance of 
accepting the staff instruction, activating the obs_staff_instr node. As 
described in Section 4.1, staff members influence the decision of 
customers or visitors on delaying their evacuation or not. In  [3] and [4], 
the authors refer to regular workers of stores and how their posture is 
reflected in the clients’ attitudes during emergency scenarios. In terms of 
modelling, we consider two staff types: Authorities specialised in security 
(Staffsec), which have at least some training on how to manage incidents. 
In the most cases, they are in lower quantity, not sufficient to cover all 
areas. On the other hand, store, service and office workers (Staffwor) are 
present in most parts of an environment but, in general, do not are 
regularly training to deal with incidents. Both walk randomly and have 
the same effect on the agents (people), which is to convince them to 
evacuate. The only differences between them are the quantity and 
ability to convince people to evacuate. We consider Staffsec agents with 
initial training skills of between 0.5 and a maximum of 1, while Staffwor 
training skills range from 0 to a maximum of 0.5. The relation among 
normal agents (clients, audience, passengers, etc.) and staff agents is 
modelled into the connection between staff_instr and obs_staff_instr 
nodes. It considers the quantity of staff agents in the observable distance 
of a regular agent and the ability of a staff agent to convince regular 
agents to evacuate. If a regular agent is convinced, then it keeps the 
desire to evacuate until the end of the simulation. 
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4.3 Experiments 

4.3.1 Methodology 

With the use of a validated evacuation model that includes social 
elements, our experiments aim to determine the effect of the number 
and type of staff members on the evacuation process and time. 

Measurements: The average evacuation time and the assembly area rate 
will be measured as indications of the effect of the staff members. The 
average evacuation time refers to the average egress time of the agents 
since the incident has started until the last agent has egressed. The 
assembly area rate is the measurement of agents that reach one of the 
zones close to the exits. This measurement is a complement 
measurement to avoid distortions injected by the limited egress capacity 
of the exit doors.  

Environment: In order to isolate the social effect of staff on the 
population, we selected two variations of neutral scenarios already used 
in our previous works [14–16]. The first is a square room without walls. 
The second environment adds two barriers separating the room in 3 
parts, occulting the incident of people placed on 2 of the 3 areas of the 
room. Both rooms are 400m2 and have one main exit that everybody 
knows and one secondary exit that only the agents familiar with the 
environment know. The doors are 4 metres wide. The incident is 
randomly placed around the centre of the room, between the walls and 
the assembly areas and has a fixed size of 8m2 (2% of the room size). 
Figure 1 shows the two environments. 

Variables: The density varies in 2 and 4 people per square metres. Both 
staff and people are randomly distributed. The Staffwor skills in managing 
incidents varies in steps of 25% from 0% to 50%, while, Staffsec varies in 
steps of 25% from 50% to 100%. These values come from an existing 
paper on the use of serious games for training [21]. The incident is 
identified as a red square of fixed size randomly placed on the middle of 
the room and between the assembly areas. 

All other parameters remain fixed: (a) contagion model, public 
announcement, fire alarm, helping and falling behaviours are enabled, 
(b) the percentage of males and females is 50%, percentage of children 
and elderly is 15%, percentage of people alone is 50%, while the other 
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half of the population is divided in groups of 2, 3 and 4 people and 
divided in 33%, 33% and 34% respectively of the people who are in 
groups, (c) the cultural distributions are divided evenly. For more details 
about these social parameters, see Section 1.3 of [14]. 

Number of simulation runs: For each experiment, the minimum number of 
repetitions is defined by the equation n ≥ [(100 ∙ Z ∙ s) (r ∙ x-)⁄ ]0 =
63.70	[22]. This number is rounded up to 65 to guarantee that the error 
in each outcome result is within 5% of the maximum error with 95% of 
confidence. Z = confidence interval of 95%→1.96; s = standard deviation 
= 63.55; r = max. error of 5%; x-	= avg. evacuation time of 100 samples = 
312.11. The results represent the average of these runs. 

 

FIGURE 1. LAYOUT OF ROOMS. FIGURE 1A WITHOUT WALLS AND FIGURE 1B WITH 2 WALLS IN GREY. THE 
ASSEMBLY AREAS ARE BETWEEN THE DASHED LINES AND THE EXIT DOORS IN BLUE. THE INCIDENT IS IN RED; 

AGENTS IN PINK ARE EVACUATING; IN BLACK ARE THOSE STILL NOT AWARE; GREY ARE CASUALTIES AND STAFF IS 
GREEN 

4.3.2 Experiment A – Effect of Staffwor in a Square room without 
walls 

The experimental design to determine the effect of Staffwor in a neutral 
scenario varies the following parameters: Crowd Density = 2, 4; Number 
of Staffwor = 0, 8, 16, 32, 64 and Staffsec = 0; Skills ability of Staffwor = 0%, 
25%, 50%.  

The graphs A and B of Figure 2 show the influence of Staffwor on 
evacuation time in an open room. While, there is no influence of Staffwor 
on the time to reach the assembly area, the final evacuation time is 
significantly reduced (more than 1 minute) when #Staffwor ≥ 32. The 
reason for a low influence of Staffwor on reaching the assembly areas is 

A)                                                         B) 
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that in an open space it is easy and fast for regular agents to see the 
incident and affect others with their fear. As many regular agents are 
observing the incident, the social influence is big and the impact of 
Staffwor is only a small added factor.  

 

FIGURE 2. AVERAGE EVACUATION TIME OF AGENTS AND TREND LINES. NO WALLS ROOM WITH STAFFWOR 

Nevertheless, the Staffwor still play a role, guiding other agents to the 
nearest exit, reducing the bottleneck of the main exit door and 
influencing the final evacuation time. As shown in Figure 2, the more 
Staffwor, the better the results. Furthermore, when there is almost no one 
in the room, but only a few regular agents, the Staffwor speed up the 
evacuation of those last agents, convincing them to escape. That is not 
the case in simulations without the intervention of Staffwor. Those few 
regular agents take more time to evacuate because they do not have 
many more agents to share information (fear) with and, in most cases, 
the only possibility of evacuating is when they observe the incident by 
themselves. This behaviour matches with what is summarized in item 3) 
of Section 4.1. Another important pattern is the regularity in the 
evacuation time injected by Staffwor. In all cases and subsequent 
experiments, increasing the number of staff and their skills leads to a 
lower standard deviation (s), for the average evacuation times. To cite 
an example, in the experiment of Figure 2, from #Staffwor = 0 to #Staffwor 
= 64, s is respectively 42, 38, 30, 22 and 17. Hence, staff promotes order, 
and predictability on results, even with variations on agents and incident 
positions. 

4.3.3 Experiment B – Effect of Staffsec in a Square room without 
walls 

The experimental design to determine the effect of Staffsec in a neutral 
scenario varies the following parameters: Crowd Density = 2, 4; Number 
of Staffwor = 0 and Staffsec = 0, 2, 4, 8, 16; Skills ability of Staffsec = 50%, 
75%, 100%. The results in Figure 3 reflect the same behaviours of Section 
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4.3.2 with less intensity, mostly because of the number of Staffsec. 
Apparently, the number of Staffsec is insufficient to deal with the quantity 
of agents. The effect of the Staffsec is surrounded by the amount of social 
influence among the regular agents. 

 

FIGURE 3.  AVERAGE EVACUATION TIME OF AGENTS AND TREND LINES. NO WALLS ROOM WITH STAFFSEC 

4.3.4 Experiment C – Effect of Staffwor in a Square room with 
division walls 

Experiment C follows the design of Experiment A. It measures the effect 
of Staffwor in a neutral scenario with barriers dividing the environment in 
3 parts. The walls make the environment more complex, the social 
influence among the regular agents reduces. In this scenario, 2/3 of them 
cannot easily see the incident and get in contact with others beyond the 
wall. Assembly area rates and evacuation times increase comparing to 
the results with and without Staffwor. Increasing the quantity of Staffwor 
results in a reduction of the evacuation time and assembly area time. 
Moreover, the effects are clear when skills are set to 50%. Comparing 
Figure 4A with Figure 4B and Figure 5A with Figure 5B, the number of 
staff per people also has a significant impact on reducing the evacuation 
and assembly area times. That fact indicates again that the quantity of 
staff influences the results, which also occurred in Experiment B (Section 
4.3.3). According to Figure 4, 32 or more Staffwor reduce the final 
evacuation time by more than a minute, which is a significant 
achievement for managing incidents, as cited in item 1) of Section 4.1. 

 
FIGURE 4. AVERAGE EVACUATION TIME OF AGENTS AND TREND LINES. WALLS’ ROOM WITH STAFFWOR 
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FIGURE 5. AVERAGE ASSEMBLY AREA TIME OF AGENTS. WALLS’ ROOM WITH STAFFWOR 

4.3.5 Experiment D – Effect of Staffsec in a Square room with 
division walls 

Experiment D follows the design of Experiment B. It measures the effect 
of Staffsec in a neutral scenario. Similar to Experiment B, Figure 6 and 
Figure 7 show a clear influence of Staffsec in reducing the average 
evacuation time. The same effect is observed to egress time when 
comparing the results to the room without walls in the same conditions, 
despite the lower effect when compared with Experiment C. Again, the 
quantity of Staffsec is a dominant factor to limit the influence of Staffsec. 

 

FIGURE 6. AVERAGE EVACUATION TIME OF AGENTS AND TREND LINES. WALLS’  ROOM WITH STAFFSEC 
 

 
FIGURE 7. AVERAGE ASSEMBLY AREA TIME OF AGENTS. WALLS’ ROOM WITH STAFFSEC 

4.4 Discussion 
In this paper, multi-agent based simulation was applied to study the 
effect of different training levels of staff members on the evacuation 
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time in environments that differ in complexity. To this end, a previously 
developed (and validated) crowd simulation model was taken as point of 
departure  [14–16], and was extended with explicit mechanisms to 
simulate staff members that guide passers-by to the nearest exit. By 
manipulating a parameter for ‘skills’, we could simulate a range of 
different types of staff members, varying from ‘regular’ staff members 
that have not received much training to well-trained security personnel 
or staff members.  

The simulations results showed several interesting findings. For instance, 
presence of staff has more effect in more complex environments.  The 
average evacuation time and average assembly area time could be 
reduced mainly by increasing the number of staff placed at strategic 
locations in the environment, but also by using (a smaller number of) 
better trained staff members. Although these findings may not be 
extremely surprising by themselves, the added value of the current 
simulation model is that we are now able to explain in more detail why 
they occur and predict in which hypothetical circumstances they occur. 
Since the majority of parameter settings have been based on empirical 
data acquired in an earlier study, the resulting simulations are expected 
to be reasonably realistic. If the model is applied to real-life scenarios, it 
can provide rough indications of the added value of training staff 
member, thus serving as a decision support tool for investments in 
training staff. 

Nevertheless, there is room for a more extensive validation of the 
simulation model. As soon as more empirical data about evacuation 
scenarios and the role of staff members becomes available, such a 
validation could be performed. Another interesting direction for future 
research is to conduct an experiment to explicitly test the impact of staff 
members who have worked with our training system [13] in the context 
of an evacuation experiment or drill in a controlled environment. 
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Appendix 
TABLE 1. DESCRIPTION OF INDIVIDUAL ACTIONS OF EACH AGENT IN A SIMULATION 

Action Description 
Fall (enabled) The agent falls and remains stopped for a certain amount of time. Falls 

are a consequence of speed, age and crowd congestion. 
Die If the agent is at the same place where the incident occurs, it dies. 

Express belief 
of danger 

The agent expresses its dangerous belief level to other agents. 

Express fear The agent shows its fear level to other agents around him.  

Walk Agent strolls randomly in the environment until it decides to evacuate. 

Help An agent can help other fallen agents. The decision depends on its own 
gender, age and that of the fallen person, and if the agent is part of a 
group.  

Evacuate Evacuation is directly related with the intention to evacuate which is 
influence by its fear level and belief of danger. 

TABLE 2. DESCRIPTION OF EXTERNAL STIMULI OF EACH AGENT. 
Input Description 
Crowd 
congestion 
location 

The number of agents and their speed depending on the number of 
agents within the same square metre:≤4 people (no speed reduction), 5 
people 62.5%, 6 people 75%, 7 people 82.5%, 8 people 95% [23]. 

Fire location If the agent observes the incident it changes its belief of dangerous. 
Alarm Is ‘on’ after three minutes of the simulation. Then all agents are aware 

that something unusual is happening. Some agents start to evacuate 
immediately, others take more time to be convinced about the danger. 

Others belief 
dangerous 

The beliefs of danger of all agents in the vision range. 

Others fear The fear sensations of all agents in the vision range. 
Public 
announcement 

Is ‘on’ one minute after the alarm is ‘on’.  

Staff 
instructions 

Agent receives instructions from staff member in its observable range. 
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FIGURE 8. GRAPHICAL CONCEPTUAL REPRESENTATION OF THE INTERNAL MODEL OF A REGULAR AGENT 
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CHAPTER 5: Towards Interactive Agents that Infer 

Emotions from Voice and Context Information Scenarios1 

Abstract. Conversational agents are increasingly being used for training of social skills. 
One of their most important benefits is their ability to understand the user`s emotions, to 
be able to provide natural interaction with humans. However, to infer a conversation 
partner’s emotional state, humans typically make use of contextual information as well. 
This work proposes an architecture to extract emotions from human voice in 
combination with the context imprint of a particular situation. With that information, a 
computer system can achieve a more human-like type of interaction. The architecture 
presents satisfactory results. The strategy of combining 2 algorithms, one to cover 
‘common cases’ and another to cover ‘borderline cases’ significantly reduces the 
percentage of mistakes in classification. The addition of context information also 
increases the accuracy in emotion inferences 

  

                                                           
1 This chapter has been published as:  

Formolo, D., Bosse, T. (2017). Towards Interactive Agents that Infer Emotions from 
Voice and Context Information. EAI Endorsed Transactions on Creative 
Technologies, 4 (10). 
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5.1 Introduction 

Embodied Conversational Agents (ECAs) can be defined as computer-

generated characters ‘that demonstrate many of the same properties as 
humans in face-to-face conversation, including the ability to produce and 

respond to verbal and nonverbal communication’ [1]. As research into 

ECAs is becoming more mature, conversations with ECAs are increasingly 

being perceived as natural, or at least ‘believable’. As a result, there is a 
growing interest in the use of ECAs for training of communicative skills, 

such as negotiation, conflict management or leadership skills e.g., [2]–
[7]. The main motivation is that a training system based on 

conversational agents provides a cost-effective method to replace (or at 

least complement) human actors, as it can be used anytime, anywhere. 

Despite this promising prospect, developing effective conversational 

agents for communication training is far from easy. An important 

requirement for effective ECAs is their ability to react to behaviour of the 

trainee in a similar manner as a human interlocutor would do. 

Otherwise, there is a risk that the system reinforces the wrong 

behaviour. For instance, a virtual agent that only listens to you if you 

address it with a submissive attitude is probably not very useful for 

leadership training. Hence, making an ECA show the appropriate 

response to the appropriate behaviour of the trainee is crucial. However, 

this introduces another challenge, namely to define what is ‘appropriate 
behaviour’ of the trainee. Obviously, one relevant aspect of behaviour 
involves the content of what the trainee says. And indeed, most ECA-

based training systems have been designed in such a way that the ECA’s 
responses depend on what the user says (e.g., by analysing the user’s 
speech, or by generating appropriate responses based on selected 

options within a multiple choice menu). 

However, although most ECAs respond to what the user says, they often 

do not respond to how the user says it. This is a serious limitation, as the 

style of a person’s speech is very important during social interactions: as 
discussed in [8], humans heavily rely on vocal cues (such as volume, or 

speed of talking) to infer other people’s emotions. For example, the 
phrase ‘sorry sir, we cannot accept 100 Euro bills’ can be perceived as 
very friendly when it is uttered calmly and gently, but it can be perceived 

as offensive when it is uttered with a quick and monotone voice. 

Especially for communication training it is important to take such 
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differences into account, as it allows professionals to learn not only what 

to say during their job, but also how to say it. Hence, this paper proposes 

the use of ECAs for social skills training that adjust their behaviour based 

on vocal signals that are extracted from the user’s speech2
.  

A second element that is addressed in this paper is the context of the 

interaction with the ECA. Depending on a context, a particular behaviour 

of the user could be interpreted completely differently. For instance, a 

person speaking with a loud and aggressive voice would usually be 

perceived as angry, but in the context of an important sports 

competition, these cues could also indicate motivation. With respect to 

systems that infer emotions from vocal signals, context has only recently 

been taken into account (e.g., [9], [10]). Following up  on this work, the 

current paper introduces the term ‘Context Information’ (CI) as the most 
likely emotions that a person is expected to have given the current 

context (e.g., in the context of a conversation between friends, 

‘happiness’ would be part of the CI, whereas ‘fear’ would not). Based on 
this concept, one of the goals of this paper is to investigate whether the 

use of CI increases the accuracy of our ECA in interpreting the emotional 

state of the human conversation partner. 

The paper first introduces, in Section 5.2, the existing theories about the 

relation between vocal signals and emotions. Section 5.3 describes the 

proposed system in detail, while Section 5.4 presents the methodology 

used to measure the performance of the system. Section 5.5 shows the 

results of the experiments. The paper is concluded with a discussion in 

Section 5.6. 

5.2 Emotions in Vocal Signals 

Many factors influence the generation of emotion in humans. Emotions 

can remain stable for a long time or may come and go fast, and 

sometimes various emotions are mixed at same moment. In the 

literature, roughly three theoretical perspectives may be distinguished. 

First, categorical theories are based on the assumption that there is a 

limited set of basic emotions categories such as joy, sadness, fear, anger, 

                                                           
2 Obviously, vocal signals are not the only aspect of behaviour that is relevant for 
communication training. Other aspects include facial expression, gestures, and posture, 
among others. However, these aspects are beyond the scope of this paper. 
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surprise and disgust [11]. Second, dimensional theories view emotions as 

states that can be represented as points within a continuous space 

defined by two (or three) dimensions, namely valence and arousal (and 

dominance) [12], [13]. Arousal refers to a general degree of intensity 

while valence refers to the level of pleasure. An example of a 

dimensional theory is Russell’s Circumplex Model [12]. The author has 

related different positions in the 2-dimensional space to 28 words that 

give meaning to the main emotions. Third, componential theories 

highlight the role of different components that play a role in the emotion 

generation process, such as the desirability and likelihood of the events 

that trigger the emotion, cf. appraisal theory [14]. Due to its practical 

appeal, in the current paper, we will mainly make use of the categorical 

perspective. 

Emotions arise from brain circuits involving the amygdala, the 

orbitofrontal cortex, the insula and various other brain areas [15]. Affect-

related activity in those areas can be reflected in the human voice, which 

in principle makes it possible to recognise such affective features in 

human speech. 

To realise this in the context of virtual agents, the presented approach 

builds upon a vast body of previous work. For instance, in [16] an 

approach was put forward to detect emotions in speech in terms of 

arousal and valence. Similarly, [17] has shown that more specific 

emotions (e.g., aggression) can be identified as well. Moreover, 

Rodriguez et al. analyse changes of vocal patterns in humans when they 

interact with ECAs [18]. Inspired by these developments, a number of 

recent systems use vocal cues to trigger the behaviour of virtual agents. 

For example, in [19] vocal cues are used to generate backchannels (i.e., 

non-intrusive signals provided during the speaker’s turn). Acosta and 

Ward proposed a system that uses speech and prosody variation to build 

rapport between human and agent [20], and Cavazza et al. used vocal 

signals for character-based interactive storytelling [21]. Furthermore, the 

virtual human SimSensei Kiosk uses voice, speech and other features to 

analyse user emotions in the context of healthcare decision support [22]. 

More generally, [23] used Random Forests to classify vocal signals into a 

set of emotions.  

Most of the above papers do not take context into account. However, 

some recent works do address context to a certain extent. For instance, 
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[9] add to their classification algorithm the bidirectional Long Short-Term 

Memory recurrent neural networks (BLSTM) to model the context of a 

conversation. The input nodes of BLSTM correspond to a number of 

different features per utterance whereas the output nodes correspond 

to a number of target classes. Recently, [10] drew attention to the 

importance of modelling context into the growing number of 

conversational systems. They propose a probabilistic framework that 

provides cues of possible user attitudes, in order to promote a more 

natural communication between humans and machines. The inputs of 

their framework are voice, posture and facial expression. Another 

approach is proposed by [24]. Based on assumption that the context of a 

situation guides the behaviour and emotion of participants, they propose 

a set of contexts described as Competitive, Informative, Educative, 

Collaborative, Social, Guidance and Negotiation. They also propose a 

system that produces an expectation of user reactions, based on one of 

the above contexts.  

As can be observed, these works address emotion recognition through 

either vocal signals or a combination of sensors, including voice to infer 

the user’s attitudes. All these works are closely related to the proposed 
system, although most of them don’t combine voice signals and context 
and when they do it, the solution is complex, involving many sensors. 

Also, they focus on different applications than social skills training. In 

contrast, one recent system that does focus on communication training 

(in the context of job interviews) is put forward in [25]. 

As opposed to existing papers, the current system proposes a simple 

approach to integrate context within emotion recognition: it assumes 

that the most likely emotions for a particular context (called Context 

Information) are known beforehand, and uses this information in the 

emotion classification process. 

5.3 The System 

The proposed system is expected to be easily integrated within different 

serious games or other specialised systems. The final module is a library 

that is available in the Windows platform as a DLL and that may be 

extended to Linux-like operating systems. Figure 1 shows an overview of 

the system (i.e., the ECA`s backend). It contains various modules, 
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including 1) an interface to capture the user’s speech (e.g., using a 
microphone), 2) the off-the-shelf openSmile tool to process this speech 

[26], 3) a module to disambiguate emotion categories based on CI, and 

4) a module to generate a response to the user. Below, the last three of 

these modules are discussed separately. 

5.3.1 openSmile 

OpenSmile is a toolkit that extracts and analyses features from vocal 

signals [24]. It can be plugged into other systems as a component of it, 

providing these relevant values extracted from these features.  

In the proposed system, openSmile was used as a component to extract 

6552 features from voice signals. The extracted features are based on 

the INTERSPEECH 2010 Paralinguistic Challenge feature set [24]. Some 

vocal features used by openSmile and consequently by the system to 

analyse emotions are Pitch, Formants and Bandwidth, and Temporal 

characteristics. The openSmile tool allows researchers to attach 

algorithms to it to explore the values of extracted features. Many 

algorithms were tested for the task of classifying samples among the set 

of basic emotions. The best results were achieved by the Support Vector 

Machine (SVM) algorithm. Moreover, it is one of the most frequently 

used algorithms when it comes to emotion recognition in vocal signals, 

see for instance [15]. Any model trained by an SVM can easily be 

updated by another one and even the complete algorithm can be 

replaced for any other algorithm, because the sub-components are 

completely independent. One only needs to adjust the connection 

between the modules. 

 

FIGURE 1. FLOW DIAGRAM OF THE PROPOSED SYSTEM 
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Currently, this part of the system is responsible for making a preliminary 

classification of the emotion experienced by the user. It uses the 

emodbemotion model inside the SVM, and the set of emotion categories 

used is: Anger, Boredom, Disgust, Fear, Happiness, Neutral, and Sadness. 

For each analysed voice signal, this process assigns a numerical value in 

the range from 0 to 1 to each emotion. Figure 2 is an example of SVM 

output. In this case Anger is the emotion that has the biggest value, and 

is therefore selected as the ‘expected emotion’ of the user. 

 

FIGURE 2. EXAMPLE OF SVM OUTPUT FOR ONE VOICE SAMPLE CONVEY ANGER 

However, rather than one single emotion, it is expected that voice signals 

convey a mix of emotions with one prevalent over others. Moreover, the 

emotion categorisation approach forces the selection of one emotion for 

each voice signal sample. Although a positive consequence is the 

simplicity of this approach, it also has a number of drawback, as 

explained below. 

5.3.1.1 Limitations 

As mentioned in previous section, approaches that classify emotions 

according to discrete categories have the advantage that they are simple 

and pragmatic. Nevertheless, these approaches are susceptible to errors. 

To illustrate that the SVM models used within openSmile sometimes 

produce wrong or borderline results, consider Figure 3. This figure shows 

a histogram with values of Boredom measurements to a dataset 

composed of Boredom samples. Each measured sample was classified 

into a range of values between 0 and 1 (i.e., like the ones shown in Figure 

2), represented by a bin on the x-axis. The y-axis displays the number of 

occurrences inside each bin. The accuracy to of classifying samples as 

either Boredom or Not Boredom is 87.65% in this case. An increasing 

curve trend is expected where bins with higher ranges contain more 

values than those in lower ranges. The reason why the curve is not 

higher for the most right bins (0.738 to 1) is because the highest values 
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of boredom collected from this dataset do not exceed 0.738. 

Notwithstanding, we observe high values in the histogram for the far-

right bins (0.492 and 0.615). As expected, wrongly classified samples are 

concentrated into bins with lower values. 

 

FIGURE 3. HISTOGRAM OF BOREDOM SAMPLES 

Further, when Boredom and Not Boredom samples are put together in 

the same dataset, and the measurements are plotted in an overlapping 

histogram, the Not Boredom samples are concentrated into the lowest 

bins. For these samples with lower Boredom values other emotions 

scored better, reaching high values, which is reasonable and expected. 

Figure 4 shows both Boredom samples (in blue) and all samples 

(Boredom and Not Boredom; in grey) in order to compare the patterns. 

 

 

FIGURE 4. HISTOGRAM OF BOREDOM AND ALL SAMPLES 
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On the other hand, for the same database, classification of Sadness 

samples results in a low accuracy, 45%. Plotting the same graphs for 

Sadness shows distinct results.  

Figure 5 shows the histogram only for Sadness samples, while Figure 6 

compares histograms of Sadness with all samples, including sadness. 

 

FIGURE 5. HISTOGRAM OF SADNESS SAMPLES 

 

FIGURE 6. HISTOGRAM OF SADNESS AND ALL SAMPLES 

Boredom and Sadness are two of the most extreme cases. Comparing 

the shapes of the curves, the peak of Boredom (an emotion that is easy 

to classify) is for the bin 0.492 and higher, whilst Sadness has its peak for 

the bin 0.246 and lower. That is an indication of the low accuracy rate of 

Sadness. Most of the samples tagged as Sadness receive low values for 

Sadness, what gives the opportunity for other emotions to receive values 

higher than the ones for Sadness, resulting into wrong classifications. In 

the case of Boredom, we observe the opposite. 
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Most classification errors occur to those samples that received a low 

value for the expected (tagged) emotion. That pattern is also observed in 

the graphs of Appendix A. Here, similar histograms for all classes of 

emotions covered in this work are plotted, and analogous to Boredom 

and Sadness, samples that receive a low value for the target emotion are 

often wrongly classified. 

In order to solve this problem of ‘borderline classifications’, a new 
method was introduced into the proposed system. That method, 

implemented as a Context Awareness Module, still uses the output of 

the SVM model but combines it with information about the CI in which 

the conversation takes place. 

5.3.2 Context Awareness Module 

The Context Awareness Module processes the information received from 

the SVM. Its task is to deal with ambiguous outputs, which will be done 

through a decision tree algorithm combined with CI (which is assumed to 

be present within the ECA’s belief base). The motivation for introducing 

this module is that it is notoriously difficult to distinguish between similar 

emotions based on vocal signals alone [15], [27]. Besides that, other, 

environmental factors may contribute to poor measurements of vocal 

signals, for example noise, distance from the microphone and low 

emotion expressiveness of users. Those factors may result in many 

borderline cases, leading to big classification mistakes in some situations, 

e.g. assuming the emotion anger when in reality the speech expressed a 

case of fear. 

Hence, by using CI, this module intends to minimise problems like that. 

The Context Awareness Module is fed with the output of openSmile as 

well as qualitative information about the context. This CI is represented 

as a prioritised list of emotions that are expected to occur in the current 

situation. For instance, if the virtual agent has just approached the user 

with an aggressive attitude, this is represented as a CI with a negative 

emotion, probably expecting anger as a primary emotion followed by 

fear as a second option. For training applications, such information is 

assumed to be available (as it is the application itself that generated the 

negative stimulus).  
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5.3.2.1 Decision Trees 

This module uses internal decision trees which, in combination with the 

SVM, are used to decide which emotion category is currently applicable. 

The crux is that, although SVM produces a set of emotions and their 

numerical values, the ‘correct’ (or most applicable) emotion is not 
necessarily the one with the highest value. For many cases two very 

different emotions are in the same range of values, varying less than 

10%. Some emotions are more uniquely identified than others, what 

means that the confidence to decide which emotion is applicable is 

(inversely) linked to the distances between the values of the different 

emotions. In other words, if there is a large distance between the 

emotion with the highest value produced by SVM and the one with the 

second-highest value (e.g., Anger=0.8 and Fear=0.4), then one can be 

much more certain that this emotion is indeed the ‘correct’ then when 
this distance is smaller (e.g., Anger=0.8 and Fear=0.7). 

This characteristic is the basis of The Context Awareness Module. In fact, 

the module consists of a number of decision trees, one for each CI. 

Depending on the CI, an emotion must have a certain minimum distance 

to the other emotions to be selected as the applicable emotion.  

The module uses a 3-steps process shown in, Figure 7 through a UML 

activity diagram. The process starts by checking the emotion selected by 

the SVM. If that emotion is one of the expected emotions according to 

the Context list 
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FIGURE 7. ACTIVITY DIAGRAM OF CONTEXT AWARENESS MODULE 

Cset the module accepts the suggestion of the SVM, returning that 

emotion. Otherwise, it continues to the second stage, performing the 

same process using decision trees. In this case, more than one decision 

tree can match emotions of Cset, resulting in more than one candidate 

emotion. If that is the case, the selected emotion EH will be the one that 

is ranked as more probable within Cset. 

Even if no emotion was selected, the algorithm moves forward to the 

third stage, again using decision trees. The third stage opens the 

possibility to select an emotion outside of Cset. This is a possibility that 

might be considered, for example, if the application presents a calm 

situation, hence it is expected that Cset = {happiness, neutral, boredom}, 

but the user`s reaction can be angry, i.e. outside of Cset. Angry is 

unexpected in this example, but still can be inferred by the system if the 

user`s voice is sufficiently distinctive to express anger. Again, all decision 

trees are checked, if only one of them returns positively, then the 

emotion related to that decision tree is selected. For all other cases, 

when more than 1 decision tree return true or all of them return None, 

the module takes the most prudent approach and returns None. This 

should be interpreted as if the collected vocal signal is ambiguous and 
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the best thing to do is to avoid the risk of a wrong classification, hence 

classifying the emotion as ‘unknown’.  

To clarify this mechanism, Figure 8 shows an example of a decision tree 

related to the CI of a Thriller situation. In this case, the most probable 

emotion is Fear, but openSmile can make a mistake in the classification 

process, providing high values for Sadness. If that is the case, the 

decision tree is traversed to find out if the emotion is Fear or not. 

 

FIGURE 8. FEAR DECISION TREE 

For the Thriller example, Fear is the dominant emotion in the majority of 

situations. In this case, if the value of Fear is lower than 0.251449 then 

this decision tree concludes that the input is not Fear. If the value of Fear 

is bigger than 0.251449 then it is necessary to look into Sadness, because 

the algorithm that generated the Fear decision tree understands that in 

many borderline cases Sadness is classified as Fear. To avoid mistakes 

the decision tree checks if the Sadness measurement is low to guarantee 

that Fear is the emotion conveyed by the current voice sample. 

Hence, low values of Sadness (<= 0.0034) indicate a high chance of Fear 

to be the right emotion. In that case, the decision tree decides that the 

emotion is Fear. If this is not the case, the decision tree checks once 

more the value of Fear. If it is bigger than 0.374864, the measurement of 

Fear is high enough to select it as the right emotion, even with a 
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significant value for Sadness. If the value for Fear is lower than 0.374864 

and Sadness has a value bigger than 0.0034, the decision tree limits its 

choice to “None”.  

Besides Fear and Sadness, in principle, other emotions could be 

applicable as well, but to select one of them with sufficient certainty, 

they have to reach very high values, not only values bigger than the 

others. Hence, each CI has different thresholds for each emotion.  

In this case, the system can also be programmed to explore another 

decision tree. For instance, the Thriller CI can have other candidates like 

Anger, Disgust or Neutral, in a pre-defined order, according to pre-

programmed definitions. However, for some cases, the values produced 

by openSmile and SVM may simply be insufficiently decisive to select an 

applicable emotion category. For these cases, all decision trees that are 

applied select “None”. These situations could occur due to a noisy 
environment, low quality of the microphone, the way the speaker talks, 

and of course in situations where the speech simply does not 

 

FIGURE 9. EXAMPLE OF RECOGNISED EMOTIONS VISUALISED THROUGH AN ECA 

contain very clear affective signals. Also, for long sentences, we can have 

one emotion for the first part of a sentence and a second emotion for 

the last part. To deal with such cases where the emotion category is 

unclear, the Context Awareness module simply does not send any new 

information to the next module (the Behaviour Generation module). 
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5.3.2.2 Generating decision trees 

Note that the set of decision trees is fixed and, currently, generated in 

advance. For each CI, we apply the C4.5 decision tree algorithm to a set 

of samples. The features used for each sample are: expected emotion 

(target) and values of emotion extracted via openSmile and SVM. 

OpenSmile provides 7 values, one for each emotion measured by the 

algorithm implemented in the cLibsvmLiveSink component of openSmile. 

To build the Fear decision tree shown in Figure 8, all voice samples are 

used. The Fear samples are kept like they are. The remaining samples of 

the training set are tagged as “None”. The C4.5 algorithm produces a 

pruned decision tree using 2 as minimum number of instances per leaf 

and a confidence factor of 0.25. The confidence factor is used for 

pruning, where smaller values incur more pruning. The other parameters 

are the default values of the J48 Weka classifier [28]. The same is done 

for other trees. Appendix B shows all trees that have been built, one per 

emotion. 

5.3.3 Behaviour Generation Module 

After the Context Awareness module has selected an applicable emotion, 

this information is transmitted to the Behaviour Generation Module, 

which generates an appropriate response to the user. Obviously, this 

module can be very complex in itself (e.g., including modules for 

dialogue management and speech generation), but this is outside the 

scope of this paper. As a simple proof of concept, the Behaviour 

Generation Module currently just makes the ECA show a facial 

expression that is similar to the category into which the human emotion 

is classified. However, in other situations, it might be more effective to 

respond in a different way to the perceived emotion (see the more 

extensive discussion below).  

To illustrate the working of the system, one prototype application was 

developed that consists of an ECA that responds to the emotion inferred 

from the user’s voice. Figure 9 shows 4 different emotions expressed by 

the ECA, which reflect the emotion in the voice of the user. However, the 

system could also be applied in many different situations in which the 

ECA not only mirrors the emotions of the user but also shows variations 
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of those, like in negotiations, where a happy emotion from the user 

could produce an angry reaction from the ECA. 

5.4 Methodology 

In order to measure the impact of the new Context Awareness module 

on the performance of emotion classification, 4 types of experiments 

were performed. They were divided into online and offline experiments. 

Offline experiments analyse vocal signals from recorded files in perfect 

conditions, without environmental noise and knowing the duration of 

utterances in advance. Those conditions allow openSmile to obtain more 

precise measurements. As a consequence, SVM and Decision Trees 

perform well in the classification task. In contrast, online samples are 

susceptible to interferences from a noisy environment, microphone and 

speaker quality and uncertainty of when the utterance stops, which leads 

to worse results than offline. 

All experiments used the Berlin Database of Emotional Speech [15]. For 

online measurements a Lenovo Yoga 2 Pro, model 20226 was used to 

play and record the samples. During the measurements, the average 

noise in the environment was: 26dB, with a minimum value of 16dB and 

the maximum value of 58dB. The modal class interval is (20dB to 30dB) 

with occasionally peaks out of that range. 

Experiment 1 measures the capacity of decision trees separately in 

solving borderline measurements. It compares the hit rates of SVM with 

that of decision trees for each emotion, like it was done in Figure 1 to 

Figure 4. Both SVM and decision trees are evaluated in offline 

measurements. Experiment 2 compares the results of SVM and the 

proposed method (which uses a combination of SVM and decision trees) 

configured to only one CI emotion a time. It uses offline measurements 

and all samples are applied to each emotion; Experiment 3 follows the 

same procedure as Experiment 2, but using online measurements; In 

Experiment 4, we investigate the performance of the proposed system 

using offline measurements and by adding new emotions in the CI one 

by one. 

Accuracy and Cohen Kappa coefficient are used to measure the 

performance of SVM and the proposed system in Experiment 2, 3 and 4. 

Among other applications, Cohen Kappa coefficient removes distortions 



CHAPTER 5: Towards Interactive Agents that Infer Emotions from Voice and 
Context Information Scenarios 131 

of performance results to multi-class classifications problems. More 

about it can be found in [29]. 

Table 1 describes the concepts of Hits and Fails to calculate accuracy. Ex, 

Ey and Ez are distinct emotions, while None means no emotion was 

selected because the sample is considered ambiguous. For instance, in 

Case 1, the sample is Ex, and the CI also gives Ex as input to the 

algorithm. Therefore, the expected result of the classification is Ex. Since 

the (predicted) output is also Ex, this situation can be considered a Hit. 

However, when the CI is different from the Sample we also consider 

something a hit if the algorithm`s output is None, because it is an 

unexpected emotion (e.g., Case 5). In this case it is better if the algorithm 

does not assume a position than to select a wrong emotion. 

Nevertheless, if the CI is identical to the Sample, it is considered a fail to 

predict None (e.g., Case 3). 

TABLE 1: ACCURACY RESULTS WITH AND WITHOUT CONTEXT INFORMATION DEFINITION OF HITS AND FAILS 

FOR SAMPLE MEASUREMENTS 

Case Context Inf. Sample Expect Predict Situation 

1 Ex Ex Ex Ex Hit 

2 Ex Ex Ex Ey Fail 

3 Ex Ex Ex None Fail 

4 Ex Ey Ey or None Ey Hit 

5 Ex Ey Ey or None None Hit 

6 Ex Ey Ey or None Ex Fail 

7 Ex Ey Ey or None Ez Fail 

5.5 Experiments 

Regarding Experiment 1, a comparison for each emotion was performed. 

Figure 10 shows the results for Fear. This figure shows a histogram with 

values of Fear measurements for a dataset composed of Fear samples. 

Each measured sample was classified into a range of values, represented 

by a bin in x-axis. The y-axis displays the number of occurrences inside 

each bin. Overlapping with the total number of Fear samples in each bin, 

also the number of samples wrongly classified by the decision tree and 

SVM algorithm are shown. 

In the bin with the lowest values (0.123 – 0.246), both SVM and decision 

trees perform equally bad failing in all samples that returned in that 
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range value to Fear. However, they diverge in the next bins with the 

decision tree approach being much more open to accept Fear when the 

sample is Fear. In bin (0.246 – 0.369) the decision tree approach still 

makes some mistakes but less than SVM. For the other bins no more 

failure occurs while SVM still misses some samples in a lower scale. Most 

of the emotions follow the same pattern, which is exactly what is 

expected from the approach based on decision trees. They cover the 

border line situations, hence solving the misses of SVM. 

The only unexpected result came from the decision tree for the ‘Neutral’ 
category. As shown in Figure 11, it performed equal or worse than SVM. 

The reason is that, since the neutral category is in between all the others, 

the measured values are close to each other, which is why the decision 

tree returns ‘None’ in most cases.  

 

FIGURE 10. HISTOGRAM OF FEAR SAMPLES 

 

FIGURE 11. HISTOGRAM OF NEUTRAL SAMPLES 

The side effect of a very good borderline classification for samples that 

are equal to the CI is many False Positives, represented in Table 1 by case 
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6. Despite the individual weaknesses of SVM and decision trees 

separately, the combination of both approaches covers the entire 

spectrum of values for each emotion. Hence, the two approaches 

complement each other. For this reason, The next experiments compare 

the proposed hybrid approach with SVM.  

Experiment 2 compared the performance of SVM with that of the 

proposed system, using offline measurements. Table 2 shows the results 

for SVM per emotion. Each line corresponds to one of possible cases 

described in Table 1. For instance, the first cell indicates that there were 

103 cases in which the CI was Anger, the sample was some other 

emotion Ey, and the predicted emotion was Ey. Similarly, the fourth cell 

indicates that there were 241 cases in which the CI was Anger, the 

sample was Anger, and the predicted emotion was Anger. 

TABLE 2: PERFORMANCE OF SVM FOR OFFLINE SAMPLES 

Case SVM 

Anger Boredom Disgust Fear Happiness Neutral Sadness 

1 103 72 30 42 45 6 32 

2 24 14 17 31 27 74 33 

3 N/A N/A N/A N/A N/A N/A N/A 

4 241 278 319 276 303 322 325 

5 N/A N/A N/A N/A N/A N/A N/A 

6 17 87 4 70 18 24 12 

7 150 121 193 113 149 116 157 

Total of samples: 3845 

In bold are the hits, whereas the other cells represent fails. For SVM, the 

overall accuracy is 62.26% and the Cohen Kappa Coefficient is 0.56. Table 

3 present the results of the proposed system. 

TABLE 3: PERFORMANCE OF PROPOSED SYSTEM FOR OFFLINE SAMPLES 

Case SVM 

Anger Boredom Disgust Fear Happiness Neutral Sadness 

1 103 78 36 59 64 24 54 

2 9 3 4 6 6 17 5 

3 15 5 7 8 2 39 6 

4 108 121 144 151 122 156 138 

5 178 148 269 179 130 240 267 

6 17 112 39 134 182 32 34 

7 105 105 64 -5 36 34 55 

Total of samples: 3980 
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For this system, the accuracy is 72.01% and the Cohen Kappa Coefficient 

0.67. Hence, for both evaluation measurements, the proposed system 

increased the performance. Assuming that the emotion classification 

process is performed in the CI of a practical human-agent interaction 

application, we are particularly interested in cases 1 to 3, when samples 

match with the CI. By far, these situations are the most likely to occur, 

therefore are the most important and should present good hit rates. 

Analysing the results, in all cases, the proposed system is equal or better 

in hits and has lower values to fails compared to SVM alone. 

Experiment 3 was equal to experiment 2, but this time the 

measurements were done online. Not surprisingly, the results of this 

experiment are worse than experiment 2 (both SVM and the proposed 

Context Awareness module) due to the external factors that affect the 

measurements. Nevertheless, the proposed system performed better 

than SVM again, as shown in Table 4 and Table 5. The accuracy for SVM 

is 0.28, while the Cohen Kappa coefficient is 0.16. Both are very low, 

mainly due to many instances of case 7, which is consequence of the 

more realistic noisy environment. The accuracy for the proposed system 

is 0.52, and its Cohen Kappa coefficient is 0.44. Both are much higher 

than the results for SVM. It was anticipated that the proposed system 

performs better than SVM because it uses an additional source of 

information (context information). Nevertheless, the results are better 

than expected, which is not only due to the new CI layer but also to the 

specific interplay between SVM and decision trees, which balances 

strengths and reduces the weaknesses of both. In previous experiments, 

other combinations of the two approaches were tested, which presented 

poor results, sometimes even worse than using SVM alone.  

TABLE 4: PERFORMANCE OF SVM FOR ONLINE SAMPLES 

Case Proposed System 

Anger Boredom Disgust Fear Happiness Neutral Sadness 

1 74 63 5 27 20 5 12 

2 58 29 47 44 51 75 55 

3 N/A N/A N/A N/A N/A N/A N/A 

4 141 141 130 105 125 149 134 

5 N/A N/A N/A N/A N/A N/A N/A 

6 128 113 0 87 38 21 9 

7 159 218 386 288 345 324 374 

Total of samples: 3845 
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TABLE 5: PERFORMANCE OF PROPOSED SYSTEM FOR ONLINE SAMPLES 

Case Proposed System 

Anger Boredom Disgust Fear Happiness Neutral Sadness 

1 78 68 5 33 22 8 14 

2 17 1 24 3 26 33 42 

3 37 23 23 35 23 39 11 

4 64 45 58 51 73 77 68 

5 186 186 187 290 178 168 212 

6 127 111 0 119 45 22 22 

7 51 130 271 20 212 227 215 

Total of samples: 3980     

Experiment 2 and 3 were conducted with only one expected emotion in 

the CI vector (e.g., a CI where one would only expect ‘Fear’ but no other 
emotions). When we add more expected emotions to the CI, the entropy 

increases, affecting the performance of the proposed system. 

Experiment 4 adds emotions incrementally to the CI list and compares 

the performance for each new situation. The results depicted in the 

graph of Figure 12 indicate that the proposed system has better results 

than SVM until the point where the CI list contains 2 emotions. After 

that, the performance declines to similar patterns as for SVM. Curiously, 

what pushes down the performance of the proposed system are the 

emotions that are not included in the CI list. For those cases, the Context 

Awareness module performs much worse than SVM. A third graph in 

Figure 12 plots only the performance of the emotions that are present in 

the CI list. As can be observed, for these cases the accuracy is remarkably 

superior to the others. That result is important because in real situations, 

emotions that are present in the CI list tend to appear much more 

frequently than others. 

 

FIGURE 12. PERFORMANCE COMPARISON, ADDING EMOTIONS STEP BY STEP IN CONTEXT INFORMATION LIST 
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5.6 Discussion 

This paper proposes the use of vocal signals that are extracted from the 

user’s speech as one additional component to adjust the behaviour of 

ECAs. To achieve this goal, we developed an adaptable system that 

processes human voice and returns a set of emotions and their intensity 

levels. The system can be easily plugged in into ECAs or other specialised 

systems that can enrich user experience. Especially for ECAs, the 

emotional information of a person’s voice provides a new element to 
model their internal behaviour, which may make the interaction 

between ECAs and humans more natural and effective for training 

applications.  

One specific application of the proposed system is aggression de-

escalation training. In this domain, there is an interesting difference 

between so-called emotional aggression and instrumental aggression. 

The main difference is that emotional (hot-blooded) aggression is caused 

by an agent’s goals being frustrated, whereas instrumental (cold-

blooded) aggression is caused by an agent using intimidation as a means 

to achieve its goals [2]. This distinction is interesting for our system 

because an emotionally aggressive agent will calm down if the user 

approaches it empathically. Concretely, this means that the ECA first 

identifies the emotion conveyed in the user’s voice, and if it recognises 

this as an empathic reaction it will become less aggressive. Similarly, if it 

interprets the user’s utterance as non-cooperative, it will become more 

aggressive. Instead, for instrumentally aggressive agents this will be the 

other way around: if such an agent identifies the user’s behaviour as 
empathic, it will become more aggressive, and if it interprets it as non-

cooperative, it will calm down. Based on such an application, users could 

train to take the more suitable conversation style in the appropriate 

situation. This is very relevant, e.g., for employees in domains such as law 

enforcement and public transport [2]. 

The second innovation is the use of CI to extract emotions from human 

speech more accurately. Often, context conveys crucial information that 

is neglected by systems and HCI applications. In this paper, context was 

incorporated in the form of a Context Awareness module. The proposed 

approach combines 2 algorithms in a complementary way: SVM takes 

care of most of the common cases, while decision trees are used to solve 

borderline situations, hence reducing the possibility to make mistakes. 
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The combination of both algorithms is balanced to extract the best from 

both of them, minimising mistakes and increasing the accuracy, 

especially for the most important cases, i.e. when the actual emotions 

are included in the CI list. Besides proposing a specific solution, the 

presented work can be used as a generic framework, inspiring other 

algorithms. 

Nevertheless, there are circumstances that might limit the use of the 

proposed system; for example, when the user’s environment is noisy or 
has more than one person speaking at the same time, the system cannot 

provide precise information. In other cases, the user might not interact 

much with the system, which could also limit the emotional information 

extracted by the system. Besides this, it is important to combine the 

emotional information provided by the user’s voice with other sources 

like facial expressions, gestures and text. In addition, for future work it is 

necessary to refine the system, develop a method to identify the CI, and 

test the system in real world applications. 
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Appendix A – Histograms 

This appendix includes histograms of values measured using SVM for the 

set of emotions. They are sorted from the emotion that reached the 

lowest accuracy to the highest accuracy. For each emotion type E, 2 

histograms are shown. The first histogram shows the samples tagged 

with E (in blue) as well as all samples (in grey).  

The second histogram shows again the measured values for all samples 

of E (in blue). It also shows the histograms of wrongly classified samples 

by the decision tree approach (in grey) and by SVM (in red) when they 

perform the classification task isolated from each other. 

A.1. Neutral emotion 

 

 

A.2. Sadness emotion 

 

 

A.3. Happiness emotion 
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A.4. Fear emotion 

 

 

A.5. Disgust emotion 

 

 

 
 
 
 
 

 
A.6. Anger emotion 

 

 

A.7. Boredom emotion 
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Appendix B. Decision Trees 

The decision trees used in the validation and currently implemented in 

the system are shown below. 

B.1. Neutral decision tree 
neutral <= 0.233205: other 
neutral > 0.233205 
|   neutral <= 0.451403: other  
|   neutral > 0.451403 
|   |   neutral <= 0.493349: neutral  
|   |   neutral > 0.493349: other  

B.2. Sadness decision tree 
sadness <= 0.03808: other 
sadness > 0.03808 
|   anger <= 0.021607 
|   |   boredom <= 0.4824 
|   |   |   disgust <= 0.041588: sadness 
|   |   |   disgust > 0.041588 
|   |   |   |   boredom <= 0.43149 
|   |   |   |   |   disgust <= 0.191108 
|   |   |   |   |   |   boredom <= 0.183441: 
sadness 
|   |   |   |   |   |   boredom > 0.183441 
|   |   |   |   |   |   |   boredom <= 0.275294: 
other 
|   |   |   |   |   |   |   boredom > 0.275294: 
sadness 
|   |   |   |   |   disgust > 0.191108: other  
|   |   |   |   boredom > 0.43149: other  
|   |   boredom > 0.4824: other  
|   anger > 0.021607: other  

B.3. Happiness decision tree 
happiness <= 0.236942: other  
happiness > 0.236942 
|   happiness <= 0.410245 
|   |   boredom <= 0.047849 
|   |   |   happiness <= 0.274921 
|   |   |   |   disgust <= 0.050286 
|   |   |   |   |   disgust <= 0.021683 
|   |   |   |   |   |   anger <= 0.610479: other  
|   |   |   |   |   |   anger > 0.610479: 
happiness  

|   |   |   |   |   disgust > 0.021683: 
happiness  
|   |   |   |   disgust > 0.050286: other  
|   |   |   happiness > 0.274921: other 
|   |   boredom > 0.047849 
|   |   |   happiness <= 0.299543 
|   |   |   |   happiness <= 0.24349: 
happiness  
|   |   |   |   happiness > 0.24349 
|   |   |   |   |   boredom <= 0.078471: 
happiness  
|   |   |   |   |   boredom > 0.078471: other  
|   |   |   happiness > 0.299543: happiness  
|   happiness > 0.410245 
|   |   fear <= 0.396742: happiness  
|   |   fear > 0.396742: other  

B.4. Fear decision tree 
fear <= 0.251449: other  
fear > 0.251449 
|   sadness <= 0.0034: fear 
|   sadness > 0.0034 
|   |   fear <= 0.374864: other  

|   |   fear > 0.374864: fear 

B.5. Disgust decision tree 
disgust <= 0.191108: other  
disgust > 0.191108 
|   disgust <= 0.384354 
|   |   neutral <= 0.032621: other  
|   |   neutral > 0.032621 
|   |   |   sadness <= 0.031867 
|   |   |   |   boredom <= 0.03743: disgust  
|   |   |   |   boredom > 0.03743: other  
|   |   |   sadness > 0.031867: disgust  
|   disgust > 0.384354 
|   |   anger <= 0.056122: disgust  
|   |   anger > 0.056122 
|   |   |   happiness <= 0.091351: other  
|   |   |   happiness > 0.091351: disgust  
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B.6. Anger decision tree 
anger <= 0.091833: other  
anger > 0.091833 
|   happiness <= 0.201812 
|   |   sadness <= 0.000579: anger  
|   |   sadness > 0.000579 
|   |   |   neutral <= 0.010465 
|   |   |   |   sadness <= 0.003147 
|   |   |   |   |   boredom <= 0.00081: other  
|   |   |   |   |   boredom > 0.00081: anger  
|   |   |   |   sadness > 0.003147: other  
|   |   |   neutral > 0.010465: anger  
|   happiness > 0.201812 
|   |   happiness <= 0.411046 
|   |   |   anger <= 0.21423: other  
|   |   |   anger > 0.21423 
|   |   |   |   happiness <= 0.35847 
|   |   |   |   |   boredom <= 0.003078: 
anger  
|   |   |   |   |   boredom > 0.003078 
|   |   |   |   |   |   sadness <= 0.011076: 
other  
|   |   |   |   |   |   sadness > 0.011076: 
anger  
|   |   |   |   happiness > 0.35847: anger  
|   |   happiness > 0.411046: other  

B.7. Boredom decision tree 
boredom <= 0.433591: other 
boredom > 0.433591 
|   disgust <= 0.02822 
|   |   fear <= 0.004523 
|   |   |   disgust <= 0.000727: other  
|   |   |   disgust > 0.000727: boredom  
|   |   fear > 0.004523 
|   |   |   sadness <= 0.033021: other  
|   |   |   sadness > 0.033021 
|   |   |   |   disgust <= 0.007865: other  
|   |   |   |   disgust > 0.007865 
|   |   |   |   |   happiness <= 0.011754: 
boredom  

|   |   |   |   |   happiness > 0.011754 

|   |   |   |   |   |   sadness <= 0.18092: 
other  
|   |   |   |   |   |   sadness > 0.18092 
|   |   |   |   |   |   |   anger <= 0.01183: 
other  
|   |   |   |   |   |   |   anger > 0.01183: 
boredom  
|   disgust > 0.02822 
|   |   anger <= 0.075145: boredom 
|   |   anger > 0.075145: other  
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CHAPTER 6: Human vs. Computer Performance in Voice-

Based Recognition of Interpersonal Stance 1 

Abstract. This paper presents an algorithm to automatically detect interpersonal stance 

in vocal signals. The focus is on two stances (referred to as ‘Dominant’ and ‘Empathic’) 
that play a crucial role in aggression de-escalation. To develop the algorithm, first a 

database was created with more than 1000 samples from 8 speakers from different 

countries. In addition to creating the algorithm, a detailed analysis of the samples was 
performed, in an attempt to relate interpersonal stance to emotional state. Finally, by 

means of an experiment via Mechanical Turk, the performance of the algorithm was 

compared with the performance of human beings. The resulting algorithm provides a 
useful basis to develop computer-based support for interpersonal skills training. 

  

 
1 This chapter has been published as:  
Formolo D., Bosse, T. (2017). Human vs. computer performance in voice-based 

recognition of interpersonal stance,  In: Kurosu M. (eds) Human-Computer 
Interaction. User Interface Design, Development and Multimodality. HCI 2017. 
Lecture Notes in Computer Science, vol 10271. Springer, Cham, 672–686. 
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6.1 Introduction 

Conversation is an important way to transmit information between 
individuals. However, the content of what is said only determines one-
third of the information that is communicated. The rest involves prosody, 
gestures, facial expressions, and others signals [1], which convey much 
information of speaker`s emotions [2]. In situations where physical 
presence is not required, prosody is an important source to make the 
partners aware of the emotional state of the speaker, what is crucial to 
follow social conventions and to coordinate the interaction [1]. 

So, for human beings, prosody can be a useful cue to infer information 
about the socio-emotional state of others. But also for computers, the 
ability to recognise this in (human) conversation partners is a useful 
feature, because systems with this ability may reduce user frustration, 
facilitate more natural communication, resulting in more effective 
applications [3]. Examples of applications that may benefit from the 
ability to recognise emotion in the user’s behaviour are learning 
environments for social skills training, therapeutic applications for 
autistic patients, and entertainment games. 

This research described in this paper was triggered by a larger research 
endeavour that aims to develop a simulation-based training system for 
professionals that are often confronted with aggressive behaviour, with 
an emphasis on public transport employees [4]. For such a system, being 
able to recognise socio-emotional cues in the user’s voice is very 
important, as the tone of voice is an important factor in successful 
aggression de-escalation [5]. 

Specifically, when it comes to aggression de-escalation, the notion of 
interpersonal stance plays an important role. Interpersonal stance can be 
seen as the relative position speakers take in relation to the on-going 
conversation [6]. To successful de-escalate aggressive behaviour, the 
stance of the de-escalator should depend on the type of aggression 
shown by the aggressor. Here, the difference between reactive and 
proactive aggression is very important: if the interlocutor shows reactive 
aggression (i.e. aggression caused by frustration of the person’s own 
goals), the best solution is to show an empathic response. Instead, if the 
interlocutor shows proactive aggression (i.e., aggression used as a means 
to satisfy one’s own goals), the best solution is to show a more dominant 
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response [5]. Hence, for an effective training tool, it is important if the 
system is able to distinguish empathic from dominant features in the 
user’s behaviour. 

In the current paper, this is realised by developing an algorithm that 
detects empathy and dominance in vocal signals, based on the 
openSmile toolkit [7]. This was done by creating a database with 1383 
samples from 8 speakers from different countries. In addition to creating 
the recognition algorithm for interpersonal stance, these samples are 
analysed in more detail, to gain more insight into the nature of empathic 
and dominant speech (and in particular, in their relation to emotion). 
Finally, by means of an experiment via Amazon’s Mechanical Turk, the 
performance of the algorithm is compared with the performance of 
human beings. 

The remainder of this article is structured as follows. Section 6.2 
discusses some background information about aggression de-escalation 
as well as the concepts ‘empathy’ and ‘dominance’. Section 6.3 describes 
the algorithm to detect interpersonal stance in vocal signals, as well as an 
analysis of its performance. Section 6.4 presents the experiment that 
was conducted to compare the performance of the algorithm with the 
performance of human beings. Section 6.5 presents a conclusion of the 
research. 

6.2 Background 

6.2.1 Aggression De-escalation 

Aggressive behaviour may be caused by a variety of factors. Hence, in 
order to de-escalate aggression, it is important to recognize the type of 
aggression that the interlocutor is showing, and subsequently, to show 
the appropriate communication style (or interpersonal stance) in your 
own behaviour.  

With respect to the type of aggression, two main categories are dis-
tinguished in the literature: aggression can be either reactive (or 
emotional) or proactive (or instrumental) [8]. In case of reactive 
aggression, the aggressive behaviour is typically a response to a negative 
event that frustrates a person’s desires [9]. Such a person is likely to 
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become angry with respect to whatever stopped him or her from 
achieving his goal. For example, a client may become very aggressive 
against a desk employee who tells him that their product is sold out, 
even if this employee cannot do anything about this.  

In contrast, proactive aggression refers to aggressive behaviour that is 
used ‘instrumentally’, i.e., to achieve a certain goal. Such behaviour is not 
a direct response to a negative event and is less strongly related to heavy 
emotions. Instead, it typically is a more planned and calculated type of 
aggression, often in the form of intimidation. For example, a child may 
start bullying his classmates because he wants to have power over them. 

Based on observations in animals, it has been proposed that reactive 
aggression is ‘hot-blooded’, and that proactive aggression is ‘cold-
blooded’. As a result, the difference between both types of aggression 
can be recognized (besides looking at the context) by closely observing 
the non-verbal behaviour of the aggressive individual. The reason for this 
is that reactive aggression is usually paired with a lot of physiological and 
behavioural arousal indicating negative affect (such as a flushed face, 
gestures, and fast speech). Instead, proactive aggression comes with 
fewer signs of anxiety, but with cues like a dominant posture, slower 
speech, and sometimes even a smile [8]. 

Because of the different nature of both types of aggression, it takes a 
very different approach to deal with each of them. When dealing with an 
emotional aggressor, supportive behaviour from the de-escalator is 
required, in order to reduce the aggressor’s level of arousal. This can be 
achieved for instance by ignoring the conflict-seeking behaviour, calmly 
making contact with the aggressor, actively listening to what he has to 
say, showing empathy, and suggesting solutions to his problems (see [5]). 

Instead, to de-escalate instrumental aggression, showing too much 
empathy will only make the situation worse, as the aggressor will be 
reinforced in his belief that his deviant behaviour pays off. In such a case, 
a directive response is assumed to be more effective. This means that it 
is necessary to show the aggressor that there is a limit to how far he can 
pursue his aggressive behaviour and to make him aware of its 
consequences [10]. 
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A summary of the differences between reactive and proactive aggression 
is shown in Table 1. Although there is some debate in the literature 
about whether these two types are really disjoint, in practice, it is often 
useful to treat them as such because it gives clear guidelines on how to 
act in confrontations with aggressive individuals2. 

TABLE 1. REACTIVE VERSUS PROACTIVE AGGRESSION 

 reactive aggression proactive aggression 

synonym emotional aggression 
(‘hot-blooded’) 

instrumental aggression 
(‘cold-blooded’) 

underlying 
mechanism 

behaviour influenced by an 
emotional state, resulting from 
the frustration of own goals 

planned, learned behaviour, using 
intimidation as a means to achieve 
own goals 

how to 
recognize? 

context, flushed face, gestures, 
fast speech, … 

context, dominant posture, slower 
speech, smiling, … 

how to de-
escalate? 

ignore conflict-seeking 
behaviour, show empathy, help 
solve problem 

draw a line, confront aggressor with 
behaviour, point out consequences 

6.2.2 Interpersonal Stance 

As mentioned earlier, our long term goal is to develop a simulation-
based training system for professionals that are often confronted with 
aggressive behaviour. Inspired by the literature discussed in the previous 
section, this system is centred around two main learning goals, namely 1) 
recognizing the type of aggression of the conversation partner (i.e., 
reactive or proactive), and 2) selecting the appropriate interpersonal 
stance towards the conversation partner. Regarding this interpersonal 
stance, guidelines for how to act are summarized in the last row of Table 
1. In the remainder of this paper, we will use the terms Empathic and 
Dominant to refer to the appropriate styles to deal with reactive and 
proactive behaviour, respectively. 

We envision a training tool that is able to analyse the behaviour of the 
trainee, and automatically distinguishes Empathic cues from Dominant 
cues, in particular with respect to the vocal signals of the trainee’s 
speech. This allows the system to provide feedback on the extent to 
which the trainee shows the appropriate interpersonal stance to de-

 
2 For instance, discussions with domain experts in public transport pointed out that the 
ability to distinguish between reactive and proactive aggression is a key element in their 
training program. 
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escalate a particular aggressive situation. As a first step towards this 
system, the current paper aims to develop an algorithm that detects 
Empathy and Dominance in a user’s voice. The algorithm will make use 
of the openSmile toolkit [7]. To obtain training data, a number of 
speakers from different countries will be asked to speak sentences by 
using either an Empathic or a Dominant interpersonal stance. 

To define the concepts of Empathic and Dominant in an unambiguous 
way, they are related to specific points in the interpersonal circumplex 
[11]. This theory, also known as Leary’s Rose, is often used in training 
interpersonal skills, and assumes that interpersonal behaviour can be 
represented as a point in a two-dimensional space determined by the 
dimensions affiliation (positive versus hostile, or ‘together versus 
opposed’) and power (dominant versus submissive, or ‘above versus 
below’); see Figure 1. Based on discussion with experts in aggression de-
escalation training, we define the communicative style called Empathic 
as the border of the categories ‘Helping’ and ‘Cooperative’, and the style 
called Dominant as the border of the categories ‘Competitive’ and 
‘Leading’. 

 

FIGURE 1. LEARY’S ROSE 

In addition to developing the recognition algorithm, we aim to gain more 
insight in the very nature of ‘Empathic’ and ‘Dominant’ behaviour, 
respectively. Even though the distinction seems to be evident based on 
the explanation above, it may be the case that different individuals 
interpret these terms rather differently, and show large differences in 
behaviour when they are asked to produce Empathic and Dominant 
speech. So, another goal we have is to investigate whether we can 
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identify some common features in people’s speech when they are asked 
to produce Empathic and Dominant behaviour, respectively. To this end, 
we will relate the Empathic and Dominant samples to the Arousal-
Valence circumplex of affect3 [12], which is an accepted theory in the 
literature on emotion. This theory views emotions as states that can be 
represented as points within a continuous space defined by two 
dimensions, namely valence (i.e., the level of pleasure) and arousal (i.e., 
a general degree of intensity). 

Next, we are interested in the performance of the interpersonal stance 
recognition algorithm compared to the performance of humans: are 
computers better in distinguishing Empathic from Dominant behaviour in 
vocal signals than human beings are? And related to this, is Empathic 
behaviour more difficult to recognize than Dominant behaviour? To this 
end, an experiment via Amazon’s Mechanical Turk will be set up, in 
which users are asked to listen to the same samples as used to train the 
recognition algorithm and classify them as either Empathic or Dominant.  

Finally, recognizing the style (the ‘how’) of an utterance may interfere 
with processing the content (the ‘what’) of what is said, which may or 
may not be consistent with the style. Therefore, an interesting question 
is whether it makes a difference if people understand what is being said. 
To this end, we also investigate if people’s performance correlates with 
whether or not the spoken fragments are in a language that they 
understand. 

To summarize, this paper aims to address the following main questions: 

1. Can we develop an algorithm that automatically distinguishes 
Empathy and Dominance in a user’s vocal signals? 

2. Is it possible to relate the concepts of ‘Empathic’ and ‘Dominant’ 
to specific positions in the Arousal-Valence circumplex? 

3. How does the performance of the algorithm compare with the 
performance of human listeners? 

 
3 Note that there is an important difference between the interpersonal circumplex and the 
arousal-valence circumplex: the former is assumed to address interpersonal stance, 
whereas the latter addresses individual emotions (independent of stance). 
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4. Are Dominance and Empathy equally difficult to recognize (both 
for humans and computers)? 

5. Is the performance by human listeners influenced by whether or 
not they understand the language of the spoken fragments?  

6.3 Automated Recognition of Interpersonal Stance 

In order to answer the questions described above, we developed an 
algorithm to identify Dominance and Empathy in vocal signals. The 
algorithm is pluggable into a variety of human-computer interaction 
applications, enabling a system to classify the user’s voice in real time. In 
the following sub-sections, the approach to develop the algorithm is 
explained, as well as its results. In Section 6.4, its performance is 
compared with that of humans.  

6.3.1 Training and Test Dataset 

The data to train and test the algorithm were collected from 8 different 
people, in 2 different languages. Four of the participants (2 male and 2 
female) are native Dutch speakers from The Netherlands, and the other 
four (2 male and 2 female) are native Portuguese speakers from Brazil. 
One Dutch male and one Dutch female were professional trainers from 
the public transport company in Amsterdam, and had expertise in 
aggression de-escalation. Because the languages Dutch and Portuguese 
origin from different roots, they have different prosody characteristics, 
as described in [13]. This was done to prevent the algorithm from 
overfitting to one single style of prosody, and to check if there are 
differences between languages in terms of how people produce 
Dominant and Empathic speech. 

For each participant, at least 50 Dominant voice samples and 50 
Empathic voice samples were recorded. The first participants recorded 
100 samples of each type, and after a preliminary validation, it was noted 
that the algorithm is able to learn the required patterns with less than 50 
samples. Hence, it was decided to record 50 samples for the rest of the 
participants. All voices were recorded using the same microphone, 
following the same procedure. Before the start, our interpretation of the 
terms Empathy and Dominance was explained to all participants (i.e., 
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their positions in Leary’s Rose as explained in Section 6.2), and examples 
of sentences were provided. These sentences addressed situations in 
public transport in which either an Empathic or Dominant stance could 
be used (e.g., ‘You are not allowed to bring hot coffee in this tram’). All 
participants started recording the sentences with an Empathic style, 
after which they recorded the same sentences with a Dominant style. 

Table 2 shows an overview of the samples that were recorded. Some 
people recorded more samples than others and some samples were 
discarded because they lasted less than 3 seconds, which makes it 
difficult to extract features from the voice. This dataset was used to train 
and test the recognition algorithm, but also in a follow-up experiment to 
test the performance of human listeners (as explained in Section 6.4). 

TABLE 2. LIST OF VOCAL SAMPLES RECORDED 

Nationality/Language Genre Type Person 1 Person 2 
The Netherlands/Dutch Male Empathic 114 100 

Dominant 124 100 
Female Empathic 96 59 

Dominant 100 59 
Brazil/Portuguese Male Empathic 111 49 

Dominant 98 50 
Female Empathic 89 59 

Dominant 101 59 

6.3.2 Recognition Algorithm 

The functioning of the recognition algorithm is divided into a training 
part and a classification part. They run in cycles one after another, 
starting with the training part. As shown in Figure 2, the openSmile 
toolkit [7] was used to extract a total of 6552 features from each sample. 
The extracted features are based on the INTERSPEECH 2010 
Paralinguistic Challenge feature set [7]. After that, the non-significant 
features were removed using the InfoGainAttributeEval algorithm [14]. 
All features with no information gain were removed, reducing the 
features to a total of 4959. After that, a Support Vector Machine (SVM) 
algorithm was trained and a SVM model was generated (through the 
method described in [15]) to be used for the classification part.  
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FIGURE  2. BLOCK DIAGRAM OF THE ALGORITHM 

Many algorithms were tested for the task of classifying samples as 
Empathic or Dominant. Of these algorithms, SVM was selected because it 
resulted in the best performance. Moreover, it is one of the most 
frequently used algorithms when it comes to emotion recognition in 
vocal signals, see for instance [16, 17, 18]. The classification part of the 
algorithm runs for a fixed period of time, classifying and storing the new 
samples. After that, it returns to training part, in order to train the 
algorithm again using the old and the new samples and to update the 
SVM model for a new classification round. 

6.3.3 Performance of the Algorithm 

The algorithm was validated with 10-fold cross validation and reached an 
overall accuracy of 94.58%, with root mean squared error of 0.23. Table 
3 shows the results of this evaluation. In addition to the overall accuracy, 
the accuracy is shown for classifying only the Dominant, Empathic, 
Dutch, and Portuguese samples. As can be seen, the Empathic samples 
appeared a bit easier to classify than the Dominant samples. Similarly, 
the Dutch samples were a bit easier to classify than the Portuguese 
samples. 

TABLE 3. COMPUTER PERFORMANCE ACCURACY 

  All  
Samples 

Empathic 
Samples 

Dominant 
Samples 

Dutch 
Samples 

Port. 
Samples 

 #samples 1383 823 560 755 628 
Algorithm Accuracy 94.58% 96.80% 91.60% 96.82% 92.04% 
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In addition to the above, Table 4 shows a confusion matrix based on the 
10-fold cross validation.  

TABLE 4. CONFUSION MATRIX FOR 10-FOLD CROSS VALIDATION 

  Predicted  

  Dominant Empathic Total 

Original Dominant 534 49 583 

Empathic 26 774 800 

 Total 560 823 1383 

Finally, the performance of the algorithm was tested by gradually 
increasing the size of the training set. Figure 3 illustrates how the 
accuracy increases with a larger number of samples. Notably, there is a 
substantial increase in accuracy until about 40 samples (reaching 94%), 
after which the accuracy stabilizes between approximately 96% and 98%.  

Overall, these results are good, which allows us to give an affirmative 
answer to our first research question put forward in Section 6.2. 

 

FIGURE 3. PERFORMANCE OF THE ALGORITHM RELATED TO THE NUMBER OF TRAINING SAMPLES 

6.3.4 Relation to the Arousal-Valence Space 

To be able to answer our second research question, we changed the SVM 
model to measure Arousal and Valence. According to many papers [12, 
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17, 19] it is possible to relate samples of human speech to emotional 
states, represented as points in the Arousal-Valence space. The question 
answered in this section is whether there is a pattern when projecting 
our Empathic and Dominant samples in this A-V space. Figure 4 and 5 
show these results for the 8 volunteers that we used to create the 
dataset. As can be seen, in most cases a clear separation is visible 
between the Dominant and the Empathic samples, which confirms our 
finding that it is possible to distinguish between both stances. However, 
interestingly, the exact pattern differs per individual. For example, the 
pattern for participant B1 is completely different from the pattern for 
participant D2. On average, Dominance seems to be correlated with a 
slightly higher arousal than Empathy, whereas the correlation with 
Valence seems to depend on the individual.  

Studying the values of Figure 4 and 5 in detail, another interesting 
observation is that the Dutch samples are generally closer to each other, 
while the Portuguese samples are more spread over the entire spectrum. 
Possibly, this could be linked to cultural aspects, since all Dutch speakers 
are from The Netherlands and all Portuguese speakers are from Brazil. 
Another possible explanation would be that the Portuguese language in 
itself covers a wider spectrum of prosodic characteristics.  

In any case, it is clear from these pictures that there is no direct mapping 
between the Dominant-Empathic dichotomy and the A-V space. This is 
interesting, because the algorithm nevertheless showed a good 
performance in classifying the samples as Dominant or Empathic, and 
this algorithm applied the same model to all 8 speakers. So, apparently, it 
makes use of more low-level features that cannot be directly related to 
the A-V space. 
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FIGURE 4. AROUSAL AND VALENCE DISTRIBUTION OF DUTCH SAMPLES. DOMINANT SAMPLES ARE INDICATED 

BY A CROSS, WHEREAS EMPATHIC SAMPLES ARE INDICATED BY A CIRCLE 

FIGURE 5. AROUSAL AND VALENCE DISTRIBUTION OF PORTUGUESE SAMPLES. DOMINANT SAMPLES ARE 
INDICATED BY A CROSS, WHEREAS EMPATHIC SAMPLES ARE INDICATED BY A CIRCLE 
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6.4 Human Recognition of Interpersonal Stance 

To be able to compare the performance of the algorithm with the 
performance of human beings, an experiment via Amazon’s Mechanical 
Turk was set up. The experiment and the results are described in this 
section. 

6.4.1 Participants and Design 

Via Amazon’s Mechanical Turk, 88 participants from 3 different countries 
were recruited: 32 Portuguese speakers that are not able to understand 
Dutch, 26 Dutch speakers that are not able to understand Portuguese 
and 30 people from the Philippines that do not understand Portuguese 
nor Dutch. Each participant performed the experiment on-line, using the 
following procedure. They were offered 32 samples which they could 
hear by clicking a button, and for each of them they were asked to 
classify them as either Empathic or Dominant. The 32 samples were 
taken randomly from the database described in Table 2, with the 
restriction that they included 4 samples from each {language X gender X 
stance} combination. That is, they were offered 4 samples that were 
Dutch, Male, and Dominant, and so on.  

6.4.2 Performance of the Human Participants 

Table 5 shows the performance of each group, highlighting in bold their 
overall accuracy. As shown in this table, the overall performance of the 
human participants is substantially lower than the performance of the 
algorithm. This provides an answer to our third research question put 
forward in Section 6.2. 

TABLE 5. HUMAN PERFORMANCE RESULTS IN EMPATHY AND DOMINANCE RECOGNITION 

  All 
Samples 

Empathic 
Samples 

Dominant 
Samples 

Dutch 
Samples 

Port. 
Samples 

Dutch 
Speakers 

Acc. 69.71% 73.79% 65.62% 73.31% 66.10% 
Average 18.12 19.18 17.06 19.06 17.18 

σ 3.57 3.00 3.78 2.96 3.87 
Port. 
Speakers 

Acc. 71.67% 81.64% 61.71% 76.36% 66.99% 
Average 22.93 26.12 19.75 24.43 21.43 

σ 5.71 3.05 5.96 3.60 6.90 
No Dutch 
and Port. 
Speakers 

Acc. 70.52% 73.95% 67.08% 73.12% 67.91% 
Average 21.15 22.18 20.12 21.93 20.37 

σ 4.28 3.77 4.51 3.78 4.60 
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Additionally, the differences in performance between the groups seems 
to be small, which indicates that none of the groups performed 
significantly better in the classification task. This was confirmed by 
executing paired t-tests between the groups. Only for classifying the 
Empathic samples, the Portuguese participants turned out to perform 
significantly better, with 81.64% accuracy, than the Dutch participants, 
with 73.97% accuracy (p<0.01) and the participants from the Philippines, 
with 73.95% accuracy (p<0.01).  

We also tested whether the performance of the participants increased 
over time (i.e., during the experiment). Results about this are shown in 
Figure 6-8. The question numbers are on the horizontal axis, whereas the 
number of participants that gave a correct answer is on the vertical axis. 
These numbers are absolute numbers, which explains why they are 
highest for the Portuguese group (which was the largest group). The 
main observation is that in all of these graphs, there are no increasing (or 
decreasing) trends, what means that the participants did not improve 
throughout the experiment. This is a fundamental difference with the 
computer algorithm, which showed a strong improvement in 
performance until 40 samples and after that remained constant. 
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FIGURE 7. NUMBER OF HITS OF PORTUGUESE PARTICIPANTS FOR EACH QUESTION OF THE EXPERIMENT 
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Finally, our fifth research question was whether the performance of 
human listeners is influenced by whether or not they understand the 
language of the spoken fragments. To investigate this, we compared the 
average performance over all samples classified by a listener that 
understood the language (i.e., all Dutch samples classified by Dutch 
participants plus all Portuguese samples classified by Brazilian 
participants) with the average performance over all other samples. And 
unpaired t-test confirmed that the difference between these two 
performances was not significant (p=0.50). Hence, in our experiment, 
being able to understand what was said did not help (or hinder) 
participants in recognizing how it was said. 

6.5 Conclusion 

This paper presented an algorithm to automatically detect interpersonal 
stance in vocal signals, especially related to Dominance and Empathy. In 
addition, an experiment was performed in which we investigated how 
well human beings performed in the same task. Five research questions 
were addressed, which yielded the following results.  

First, the results of the algorithm points out good perspectives related to 
the capacity of computers to identify Dominance and Empathy. The 
average accuracy is 94.58%. Considering the results and the fact that the 
classification is real-time, it seems promising to apply the algorithm in 
serious games or other human-computer interaction applications in 
order to enrich the user’s experience. In particular, in follow-up research 
we aim to use the algorithm for an aggression de-escalation training 
system for public transport employees.  

Second, it was explored whether the concepts of Empathic and 
Dominant could be related to specific positions in the Arousal-Valence 
circumplex. In our experiments, we observed that Dominance and 
Empathy are generally well distinguishable when mapped into this space. 
However, the way in which both stances are distinguished seems to 
differ per individual. 

Third, it was found that the algorithm substantially outperformed human 
listeners, which on average reached a performance of 70.64% in the 
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recognition task. The relatively low performance of human beings may 
also be explained by the fact that in real life, humans use much more 
than only vocal signals to classify emotions. For instance, they typically 
combine facial expression, speech content, background knowledge 
about culture, context situation, and so on. On the other hand, as 
suggested in [20], computers can also make use of such information to 
improve their performance. 

Fourth, both for human and computer, there turned out to be a slight 
difference in the capability to recognize Dominance and Empathy. The 
algorithm performs 5.2% better in classifying Empathy (96.8%) than 
Dominance (91.6%). The same trend was found for the 3 groups of 
participants, where the Empathic samples (76.46%) were recognized 
more easily than the Dominant samples (64.80%). 

Finally, we found that the performance of the human participants was 
not influenced by whether or not the listener understands the language 
of the spoken fragments. Hence, being able to understand what was said 
did not help (or hinder) participants in recognizing how it was said. 

The outcome of this research is two-fold: on the one hand, it resulted in 
an algorithm that can be useful for the development of human-computer 
interaction applications (in particular in the domain of aggression de-
escalation training). On the other hand, it sheds more light on how 
human beings recognize interpersonal stance based on vocal signals, and 
how they differ in this task from computer algorithms. 
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CHAPTER 7: Extracting Interpersonal Stance from 

Vocal Signals 1 

Abstract. The role of emotions and other affective states within Human-Computer 
Interaction (HCI) is gaining importance. Introducing affect into computer applications 
typically makes these systems more efficient, effective and enjoyable. This paper 
presents a model that is able to extract interpersonal stance from vocal signals. To 
achieve this, a dataset of 3840 sentences spoken by 20 semi-professional actors was 
built and was used to train and test a model based on Support Vector Machines (SVM). 
An analysis of the results indicates that there is much variation in the way people express 
interpersonal stance, which makes it difficult to build a generic model. Instead, the model 
shows good performance on the individual level (with accuracy above 80%). The 
implications of these findings for HCI systems are discussed. 

  

                                                           
1 This chapter has been published as:  

Formolo, D., Bosse, T., (2018). Extracting interpersonal stance from vocal signals. In 
Proceedings of the 4th International Workshop on Multimodal Analyses Enabling 
Artificial Agents in Human-Machine Interaction, 19–25. 
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7.1 Introduction 

The area of affective computing, introduced in the 1990s by Picard, 

addresses the study of computer systems that can recognise, interpret, 

process and simulate human affect [25]. Since then, the role of emotions 

(and related mental states) within Human-Computer Interaction has 

received increasing attention. Indeed, computers that are able to 

recognise and respond to the emotions conveyed by their users’ 
behaviour are often claimed to be more efficient, effective and enjoyable 

[1]. Recognising affect in the behavioural signals of users can be done 

based on a variety of sources, including physical appearance, gestures 

and posture, face and eye behaviour, and voice [31]. 

Our research focuses on the automatic analysis of vocal signals in the 

user’s speech, in particular, on voice quality or prosody. Prosody 

accounts for how a particular utterance is spoken, and mainly includes 

three aspects: pitch, tempo and energy [6]. Recently, thanks to the rapid 

developments in machine learning, numerous models have been 

developed which are able to classify spoken sentences into discrete 

categories of emotion such as the set of basic emotions [7]. See [8] for 

an overview. Also, more specific elements can be detected based on 

automated prosody analysis, such as aggression [20], laughter [23] or 

stress [22]. 

The current paper explores to what extent it is possible to extract a 

user’s interpersonal stance from his or her vocal signals. Interpersonal 

stance is a concept that stems from social psychology, and that can be 

defined as ‘the ways in which speakers and writers linguistically 
demonstrate their commitment to or attitudes about a person or 

proposition’ [12]. Examples of interpersonal stance are ‘aggressive’ or 
‘cooperative’. Recently, the notion of interpersonal stance has received 
attention from the social signal processing community, for instance, in 

the context of detecting interpersonal stance in written text [24,25]. 

This paper describes a Support Vector Machine model that is able to 

extract interpersonal stance from vocal signals. This research builds upon 

earlier studies in which we developed classification algorithms for the six 

basic emotions [11] and a binary classification mechanism to identify the 

difference between dominant and empathic stances [10] The algorithm 

presented in the current paper classifies prosody into the 8 categories 
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used within the Interpersonal Circumplex [33], also known as Leary’s 
Rose [18]. To build the algorithm, a corpus of audio files was collected 

which are recordings of 3840 sentences spoken in English by 20 semi-

professional actors. Two third of the data was used to train the algorithm 

and one third to test it, under various conditions. The paper discusses 

the performance of the algorithm, as well as its practical implications. 

The remainder of the paper is structured as follows. Section 7.2 

summarises the relevant literature with respect to prosody analysis and 

interpersonal stance within human-computer interaction. In Section 7.3, 

our scientific method is described, which consists of the collection of the 

data and the development of the algorithm. The results of testing the 

algorithm are presented in Section 7.4. Finally, Section 7.5 concludes the 

paper with a discussion on the implications of the results and an outline 

of follow-up research 

7.2 Background 

7.2.1 Prosody Analysis Tools 

The set of features that can be extracted from the human voice is vast. 

There is no single best subset to measure human emotions and the 

optimal subset depends on which emotions are being analysed and on 

the conditions under which the voices are detected. Nevertheless, some 

features are recurrent in studies on emotion classification. The most 

frequently used groups of features are Fundamental Frequency (F0), 

Energy, Duration and Formants, as well as some aggregate properties 

extracted from these groups of features: Median, Standard Deviation, 

Mean, Maximum and Minimum [8]. 

Several tools exist that are able to extract the above features and many 

others from vocal signals. One of them is openSmile, a toolkit developed 

in C++ that is able to extract up to 6552 features in real-time [9]. It can 

measure, among others, Pitch, Formants, and Cepstral coefficients. The 

values of the features extracted can be fed into any classification 

algorithm to identify affective patterns in voice signals [9]. To facilitate 

this, it is compliant with LibSVM [4], a library for Support Vector 

Machines. 
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Another tool, which uses a similar approach to openSmile, is 

pyAudioAnalysis. This tool was developed in Python and, among others, 

has the capacity to extract 36 vocal features that can be used within any 

classification algorithm or in one of two embedded algorithms: SVM or k-

nearest neighbours [13]. Furthermore, there are other tools and libraries 

(e.g., [17, 21]) that, although they do not focus on human voice, also 

extract features like Pitch, Formants and Cepstral coefficients, and can 

be used in combination with classification algorithms to extract 

emotions. For a list of other tools, see [13]. 

7.2.2 Prosody Analysis Studies 

Using tools like the ones discussed above, many studies explored the 

relation between prosody and emotional states. The majority of the 

research has been dedicated to classifying the six basic emotions defined 

by [7]. For instance, Gjoreski et al. [14] compared the performance of 

three different algorithms (SVM, KNN and Naïve Bayes) in this 

classification task, and found that SVM showed  the best performance. 

More recently, deep convolution neural networks (CNN) have been 

achieve an even better performance on such classification tasks [24]. 

Trigeorgis et al. [28] have avoided feature extraction by using CNN and 

Long Short-Term Memory networks to infer emotions directly from voice 

signals. Although promising, the results are compared over only one 

dataset.  

In addition, several studies aim to detect more specific emotional states. 

Lefter et al. [19] managed to detect aggression within prosody by 

combining prosody features with linguistic features. Other examples are 

studies that aim to detect laughter [23] and stress [22] based on 

prosody. 

Another study focused on detecting changes in the emotional state of a 

speaker over time [32]. This study used prosody as input of a Random 

Forest algorithm to classify a set of 16 emotions. In total, 207 features 

were used for the classification consisting of 9 aggregated properties of 

each group feature. 

In addition to classification of discrete emotions, a number of models 

have been proposed that aim to categorise emotions from a dimensional 

perspective (e.g., using the dimensions of valence, arousal and 

dominance, [15]). Our research builds upon these approaches by 
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developing a model to detect a new aspect of social behaviour within a 

person’s speech utterance that can be represented across multiple 
dimensions, namely interpersonal stance. 

7.2.3 Interpersonal Stance 

As mentioned earlier, interpersonal stance can be defined as ‘the ways in 
which speakers and writers linguistically demonstrate their commitment 

to or attitudes about a person or proposition’ [12]. A widely used theory 

on interpersonal stance is the Interpersonal Circumplex [18, 33]. This 

theory states that the behaviour of humans during interpersonal 

communication can be represented according to the two-dimensional 

circumplex shown in Figure 1. This circumplex is defined by the 

dimensions affiliation (positive versus hostile, or ‘together versus 
opposed’) and control (dominant versus submissive, or ‘above versus 
below’). The circumplex can be divided into discrete categories in several 
ways: into 2 halves (above-below or opposed-together), 4 quadrants (see 

colours in Figure 1), or 8 octants (see names in the figure). 

 

FIGURE 1. INTERPERSONAL STANCE CIRCUMPLEX 

When interacting with another person, a person’s behaviour is assumed 
to be represented by a point in the circumplex. For instance, above 

behaviour is typically associated with a dominant attitude in which the 

individual takes the initiative. Moreover, the theory also states that the 

stance taken by someone influences the stance taken by the 
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interlocutor. For instance, if a person shows above behaviour, the other 

person automatically tends to adopt a more submissive stance (and vice 

versa). In contrast, the stance taken according to the horizontal axis 

triggers the same stance: together behaviour triggers together 

behaviour, and opposed behaviour triggers opposed behaviour [33]. 

According to [22], interpersonal stance differs from other affective 

phenomena ‘because of its specific instantiation in an interpersonal 
encounter and the intentional, strategic character that may characterise 

the affective style used throughout the interaction’. Hence, contrary to 

Ekman’s [7] basic emotions, which are assumed to be innate and 

universal, the interpersonal stance that people adopt is determined by a 

combination of involuntary acting and intentional acting, driven by social 

patterns (cf. the notion of agency in psychology [34]). As a result, it is an 

open question to what extent it is possible to develop a generic 

computational model that automatically identifies someone’s 
interpersonal stance based on behavioural cues. 

7.2.4 Interpersonal Stance within HCI 

Since a number of years, the concept of interpersonal stance is 

increasingly being used within HCI applications, for instance, for training 

interpersonal skills or to improve user experience. As a consequence, a 

number of authors have developed systems to automatically recognize 

the interpersonal stance (often operationalised via the Interpersonal 

Circumplex) displayed by the user based on social signals. 

One of the most notable frameworks is presented by Chollet et al. [5], 

who defined a multilayer framework that combines various multi-modal 

signals: gaze, head orientation, facial expression, dialogue sequences and 

a computational model to infer interpersonal stance. Although the 

system covers many modalities, voice is only addressed in a limited sense 

(i.e., the system uses the moment on which the user is speaking, rather 

than specific features of the voice). 

Another relevant paper [2] explores to what extent certain nonverbal 

signals, in particular body posture, gestures and facial expressions are 

indicative for interpersonal stances, with the aim to use this in the 

context of a police interrogation training game. The authors collected 

and analysed a database of video recordings of professional actors acting 

different stances of the Interpersonal Circumplex. They discovered, 
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among others, that professional actors are better in acting the different 

stances than non-actors. In addition, they found out that it is very 

difficult in general to act a stance, and that observers often disagree 

about which stance is acted. 

In addition to non-verbal signals, some authors have attempted to 

recognise interpersonal stance based on a linguistic analysis of (written 

or spoken) text. The deLearyous project uses Natural Language 

Processing to classify fragments of text into the various parts of Leary’s 
Rose [29]. The highest accuracy they obtained using 4 quadrants was 

48.1% (by using an SVM with Error-Correcting Output Coding), while for 

8 octants an accuracy of 31.3% was obtained (using an SVM multiclass 

algorithm). In a more recent work, using unconstrained text, they 

reached accuracies of 55% and 42.6% respectively, despite low F-Scores 

of 38% and 18.5% [30]. 

Ranganath et al. [26] have developed a system to detect interpersonal 

stance in prosody using four classes: flirtatious, friendly, awkward and 

assertive. To this end, they used prosodic, lexical and dialogue features 

of non-acted prosody fragments. Several analyses were applied, 

including gender performance, comparison of lexical and prosodic 

features and a combination of them. Both SVM and Logistic Regression 

have been used to classify the samples into categories. The system 

reached up to 59% accuracy when classifying the stance of new speakers 

(where baseline was 48%). 

To conclude, detecting interpersonal stance based on various social 

signals is a relatively novel and challenging task. Most studies in the area 

make use of gestures and facial expressions, but the extent to which 

vocal signals are useful for this is still under-explored. The next section 

will introduce the method applied in this paper to answer this question. 

7.3 Method 

7.3.1 Dataset 

As we could not find an existing database with vocal samples labelled 

according to the categories of Leary’s Rose, a new dataset was created. It 
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is freely accessible to everyone who wants to use it2. To collect the data, 

we followed the general principles of the well-known EmoDB [3]. The 

EmoDB dataset consists of samples spoken in German to cover the 6 

basic emotions (and the ‘neutral’ emotion). It is composed of 800 WAV 

files and was generated by 10 actors: 5 males and 5 females, recording 

the same 10 sentences in 7 different styles, corresponding to all 7 

emotions. In our study, we recruited 20 (semi-professional) English 

speaking actors (10 males and 10 females) via an online service3. All 

actors had experience with the role of voice over for radio programs, 

book narration, storytelling and commercials. We asked the participants 

to record 24 sentences 8 times, where every time they had to use a 

different intonation, corresponding to the 8 categories of Leary’s Rose as 
shown in Figure 1. Thus, it was collected a total of (20 x 24 x 8 =) 3840 

samples, recorded as WAV file. 

The actors used their own equipment to record the 24 sentences per 

category in the WAV format, adding up to a total of 192 sentences per 

actor. Similar to the EmoDB dataset, each sentence was recorded in 8 

different styles. Using the same sentences in all 8 categories has the 

advantage that the algorithm only uses prosody to train the model, 

thereby minimising the potential influence of specific words. 

In order to guarantee that participants understood the task and the 

categories of the Interpersonal Circumplex, they received a document 

explaining the principles of Leary’s theory before starting the task. The 

document included a general description of the dimensions affiliation 

and control, a more specific explanation of the 8 interpersonal stance 

categories (including examples), and some guidelines on how to act each 

stance. In case the actors had any doubts about how to interpret the 

instructions, they had some individual interaction with the researchers to 

avoid misunderstandings. Because of known difficulties with acting 

emotional expressions [3], they were instructed to exaggerate a bit. All 

participants had a British or American English accent.  

Even though the semantics of the 24 sentences were in principle 

irrelevant for the actors, they were selected in such a way that there was 

an equal ratio between sentences with a ‘leading’ meaning, sentences 

                                                           
2 https://formolo.wixsite.com/int-stances-dataset 
3 https://www.fiverr.com 
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with a ‘helping’ meaning, and so on. This was done to avoid that one 
stance would be easier to act than others. To achieve this, three general 

topics were chosen (work, sports, and transportation), and for each 

topic, 8 sentences were defined, of which the semantics were more or 

less related to the 8 categories of Leary’s Rose. As an example, Table 1 

shows the 8 sentences for the topic ‘sports’. Hence, the challenge for the 

actors was to act each sentence with 8 different ‘tones’, 7 of which did 
not fully correspond to the meaning of the sentence.  

TABLE 1. EXAMPLE OF SENTENCES RECORDED 

To impose a fixed protocol on the recording process, all actors were 

asked to record the samples in the following order: Cooperative, 

Dependent, Withdrawn, Defiant, Aggressive, Competitive, Leading and 

Helping. 

7.3.2 Algorithm 

We used the openSmile toolkit to extract 6552 features from each 

recorded voice sample. The extracted features are based on the EmoDB 

feature set, defined in the INTERSPEECH 2010 Paralinguistic Challenge 

[9]. We also tested the updated version (ComParE 2016), but as it did not 

lead to any significant improvements in the accuracy, we did not use it. 

The CfsSubsetEval-Ranker4 algorithm was used to select a subset of 

features. The subsets tested did not result in any improvement such that 

the whole set of features was used. 

As described in Section 7.2.2, Deep Neural Networks are promising for 

the near future. Their results are comparable and slightly better than 

SVM. Despite of that, SVM algorithm was selected for the classification 

                                                           
4 CfsSubsetEval-Ranker is available in https://www.cs.waikato.ac.nz/ml/weka/ 

Style Sentence 

Leading Keep running, there are only a few miles left until the finish line. 

Helping Keep running, I am here to support you. You are almost at the finish 

line. 

Cooperative I am with you, keep running man. 

Dependent If you stay with me, I can finish this race. 

Withdrawn We are still far from the finish line, we will never finish this race. 

Defiant This race is for crazy people. I have other things to spend my time on. 

Aggressive If you are slow, at least do not bother others. 

Competitive I'm going to beat my record in this race. 
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task. This choice was made based on results obtained in our previous 

studies on classification of the 6 basic emotions [10, 11], where SVM 

provided the best results. Additionally, SVM is one of the most frequently 

used algorithms when it comes to emotion recognition in vocal signals, 

see for instance [8]. 

After extracting the features, we divided the dataset into two person-

independent subsets, with 67% of the samples in the training set and 

33% in the test set. LibSVM [4] was applied on the training set using 10-

fold cross-validation, in order to generate the model. Normalisation and 

tuning parameters follows the procedures described in [4].  

7.3.3 Research Focus 

The main research question of this work is to give more insight into the 

relation between prosody and interpersonal stance as well as its 

usefulness within HCI. More specifically, we aim to assess how good our 

SVM model performs, both when testing it on different actors from the 

ones in the training set and when testing it on the same actors. 

First, a series of experiments was performed to evaluate to what extent 

the model is able to generalise across individuals, i.e., to categorise 

samples from ‘new’ speakers (that were not in the training set) into the 8 
categories of Leary’s Rose. To obtain robust results, 4-fold cross-

validation was applied, varying the training and test set samples. Table 2 

shows the four divisions of the dataset into a training and a test set (i.e., 

to which we refer as four ‘settings’), where the numbers refer to the IDs 

of the (male and female) actors. For example, in Setting 1, the recordings 

of male actors 1, 2 and 3 and female actors 1, 2 and 3 were used as the 

test set, and all other samples (i.e., male 4-10 and female 4-10) were 

used as the training set. 

TABLE 2. DIFFERENT SETTINGS USED FOR TRAINING AND TEST SET 

 Setting 1 Setting 2 Setting 3 Setting 4 

Training set 4 – 10 1 - 3, 7 – 10 1 - 6, 10 1 - 7 

Test set 1 - 3 4 - 6 7 - 9 8 - 10 

Similarly, in Experiment 3 only two categories were used. Two variants of 

this experiment were investigated: in Experiment 3a, the samples were 

labelled as either Opposed (grey area in Figure 1) or Together (blue 

area). In Experiment 3b the samples were divided into Above (dark area) 
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and Below (light area). With this experiment, we intended to find out if 

one of the dichotomies (opposed-together or above-below) is easier to 

act/recognise than the other. 

Finally, a different experiment (Experiment 4) was performed, for testing 

how well the model performs when categorising samples from the same 

person on which it was trained. To this end, for each actor separately, a 

training set was defined, consisting of 16 sentences x 8 categories (128 

samples in total), while the test set consisted of the remaining 8 

sentences x 8 categories (64 samples in total). The intuition behind this 

experiment was that, even if it were difficult to develop a generalizable 

model to recognise interpersonal stance, it might still be possible (and 

useful) to have a model that finds patterns per individual in the way they 

act different stances. 

7.4 Results 

Experiment 1 evaluated the performance of the model when classifying 

samples into the 8 categories of the Interpersonal Circumplex. The 

results (for the four settings used) are shown in Table 3. As indicated, the 

average accuracy is 19.26%, which is only slightly higher than the 

baseline accuracy that would be obtained by random guessing (12.5%). 

TABLE 3. RESULTS OF EXPERIMENT 1 (8 CATEGORIES) 

 Setting 1 Setting 2 Setting 3 Setting 4 

Accuracy 19.36% 20.35% 20.23% 17.08% 

Random baseline 12.5%    

Clearly, this it too low for use in any kind of practical application. 

Furthermore, there are no substantial differences between the results 

for the different settings, indicating that the choice for specific actors to 

be included in the training or test sets did not influence the result much. 

Apparently, there was not much consistency across individuals in the way 

the participants acted the 8 stances. To provide more insight in the 

results, Table 4 shows a confusion matrix of the classification for Setting 

3. For this setting, the accuracy is 20.23%, while the F1-Measurement is 

20.96%. As shown, some categories have better results because most 

samples are classified into those categories: Aggressive, Defiant and 

Withdrawn. We can also note that there is not much confusion between 
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particular pairs of categories. Instead, the incorrectly classified samples 

are spread over all other categories. 

TABLE 4. CONFUSION MATRIX FOR SETTING 3 OF EXPERIMENT 1 

 agg com coo def dep hel lea wit total 

agg 61 2 9 51 0 13 3 5 144 

com 36 6 25 44 0 8 7 18 144 

coo 18 5 23 56 2 5 4 31 144 

def 29 0 7 58 2 15 8 25 144 

dep 16 0 14 55 4 16 0 39 144 

hel 21 3 19 43 2 14 11 31 144 

lea 43 2 19 30 5 12 8 25 144 

wit 3 0 6 58 4 14 0 59 144 

total 227 18 122 395 19 97 41 233 1152 

Experiment 2 and 3 follow the same trend as Experiment 1, as can be 

seen, respectively in Table 5 and Table 6. Again, the average accuracy is 

higher than for the random baseline, but only slightly higher. 

Interestingly, the relative increase with respect to the baseline is smaller 

for the case of 4 categories (from 25% to 33.51%) than for 8 categories 

(from 12.5% to 19.26%). For the case of 2 categories, it is even smaller 

(from 50% to 54.17% or 61.40%, depending on how the categories are 

defined). These results, are similar to the findings of [26], in which other 

aspects of interpersonal stance are detected within speech. Apparently, 

the models trained for the larger categories were not able to find many 

shared features within these categories. This is an interesting finding 

because the theory suggests that neighbouring octants in the circumplex 

are similar. 

TABLE 5. RESULTS OF EXPERIMENT 2 (4 CATEGORIES) 

 Setting 1 Setting 2 Setting 3 Setting 4 

Accuracy 38.54% 34.03% 32.03% 29.45% 

Random baseline 25%    

Another interesting observation is the fact that it seems easier to 

distinguish between Above and Below behaviour than between Opposed 

and Together behaviour. This finding is possibly related to earlier findings 

in the context of emotion recognition. Therefore, it suggests that 

differences in arousal (which has some similarities to control) are easier 

to identify than differences in valence (which has some similarities to 

affiliation). 
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TABLE 6. RESULTS OF EXPERIMENT 3A (TOGETHER-OPPOSED) AND  
EXPERIMENT 3B (ABOVE-BELOW) 

 Setting 1 Setting 2 Setting 3 Setting 4 Avg. 

Together-Opposed 

Accuracy 57.81% 54.51% 53.04% 51.30% 54.17% 

Random baseline 50% 

Above-Below 

Accuracy 60.68% 66.41% 62.24% 56.25% 61.40% 

Random baseline 50% 

 

FIGURE 2. RESULTS OF EXPERIMENT 4 

In Experiment 4 we tested to what extent we could train models that are 

specific for individual actors (in all 8 categories). The resulting accuracies 

are shown, per individual, in Figure 2. As can be seen, the results are 

much better than for the previous experiments, even though there were 

fewer samples per model: the average accuracy is 81.02%. Hence, it may 

be concluded that our participants were relatively consistent in their 

performance over time, although for some actors the accuracy was 

higher than for others. 

Finally, we will inspect the results of one of the participants in more 

detail. We selected Female 9 for this because her accuracy (82.81%) was 

close to the average. Table 7 shows the confusion matrix for Female 9 

while plots her samples in Interpersonal Circumplex graph. 
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TABLE 7. CONFUSION MATRIX FOR FEMALE 9 OF EXPERIMENT 4 

 agg com coo def dep hel lea wit total 

agg 3 0 0 5 0 0 0 0 8 

com 1 6 0 0 0 0 1 0 8 

coo 0 0 8 0 0 0 0 0 8 

def 1 1 0 5 0 0 1 0 8 

dep 0 0 0 0 8 0 0 0 8 

hel 0 0 0 0 0 8 0 0 8 

lea 0 0 0 0 0 0 8 0 8 

wit 0 0 0 0 0 1 0 7 8 

total 5 7 8 10 8 9 10 7 64 

Within Figure 3 the position of each sample has been determined 

proportionally to the model’s predicted probability that it belongs to a 
category. That is, the closer a sample is to the middle of the round line 

demarcating a particular ‘piece of pie’ (i.e., the places where the 

keywords are plotted), the more certain the model is that it belongs to 

that category. As can be seen, for most categories the samples are nicely 

clustered, although some categories (e.g., Cooperative) are more clearly 

defined than other (e.g., Defiant and Aggressive).   All other actors 

presented more or less similar patterns. 

 

FIGURE 3. RESULTS OF FEMALE 9 WITHIN EXPERIMENT 4, PLOTTED IN THE INTERPERSONAL CIRCUMPLEX. 
CATEGORIES ARE IDENTIFIED BY COLOURS. THE COORDINATES OF THE SAMPLES ARE DERIVED FROM THE SVM 

ALGORITHM 
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7.5 Discussion 

This paper addressed the question if it is possible to automatically detect 

interpersonal stance based on vocal signals. To this end, a corpus of 

sentences spoken by 20 semi-professional actors was collected, and a 

Support Vector Machine algorithm was trained on part of the data, with 

the aim to classify the utterances into the 8 categories of the 

Interpersonal Circumplex [33]. The results point out that the algorithm 

performs poor at classifying sentences spoken by people who were not 

part of the training data (19.26%). However, when training the algorithm 

on a specific individual and testing it with new samples spoken by the 

same individual, it reaches a high accuracy (81.02%). 

These results have a number of important implications. First, from a 

linguistics perspective, it provides clues that there is perhaps no such 

thing as a ‘universal interpersonal stance’ (opposed to the basic 

emotions, which are often claimed to be innate and – despite inter-

cultural differences in emotion perception and expression – are 

considered relatively stable across individuals all over the world [7, 16]). 

In contrast, interpersonal stance seems to be an aspect of human 

behaviour that each individual addresses differently. We still share innate 

characteristics, but a social component and individual style plays an 

important role for interpersonal stances. Possibly, what an actor 

understands as a category A (e.g., Helping) is for others a category B 

(e.g., Cooperative) or a mix of categories. Nevertheless, as the algorithm 

was able to reach a good performance for each individual separately, it 

can be concluded that people are able to differentiate the 8 stances of 

Leary’s Circumplex in their own behaviour in such a way that they can be 

distinguished from each other. 

A next relevant question is how these results can be of use for the 

Human-Computer Interaction community. Just like for basic emotions, an 

algorithm that is able to recognise the user’s interpersonal stance could 
play a role in applications like serious games and emotional support 

systems. For instance, an obvious choice would be to incorporate such 

an algorithm within a virtual agent-based system for social skills training 

[30], thereby enabling the user to practice taking the appropriate stance 

in certain social situations. Other example applications would be support 

systems for patients with mental health conditions (e.g., to learn people 

with social anxiety to show more confident behaviour) and 
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entertainment (e.g., to realise more natural interactions with virtual 

agents). 

Nevertheless, when designing such systems, one should take the finding 

into account that people show large individual differences in the way in 

which they adopt the various stances. Hence, when tuning the algorithm 

to teach it what is the ‘optimal’ behaviour, it does not make sense to 

offer it a large set of training data from many users. Instead, we see two 

main approaches for this: either the algorithm is trained with data from 

the same person that will use the system or with data from a limited set 

of persons that show ‘ideal’ behaviour (e.g., a few very good actors). The 

first approach could be used, for instance, for entertainment purposes 

(to develop socially adaptive virtual characters), whereas the second 

could be used for training applications (to train people to adopt some 

pre-defined stances). In addition, an important contribution of this paper 

is the development of the dataset itself. As mentioned, the dataset 

consists of audio files that are recordings of 3840 sentences spoken by 

20 semi-professional actors, which are clearly divided into the 8 

categories of Leary’s Rose. It is freely available for academic purposes. 

Some limitations that may have affected the analysis are the relatively 

small size of the dataset, as well as the possibly variable performance of 

the actors (which is a known problem in this field [3, 8]). Potentially 

these limitations could be tackled in future work by collecting an even 

larger dataset (i.e., using more actors and more samples per actor), 

providing them more precise instructions on how to act the various 

interpersonal stances, and filtering samples based on inter-annotator 

agreement. 

From a computational perspective, more detailed analyses could be 

performed, e.g., to find the optimal number of samples needed for 

training before reaching a ceiling effect. Also, the performance of the 

algorithm could be improved by combining it with other (verbal and non-

verbal) modalities, as suggested by several authors [2, 5]. Finally, in our 

future research, we aim to incorporate the algorithm within an 

application for social skills training and to test the effectiveness of such a 

system in improving people’s social abilities. 
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CHAPTER 8: Virtual Agents for Professional Social Skills 

Training: An Overview of the State-of-the-Art 1 

Abstract. Training of interpersonal communication skills is typically done using role play, 

by practising relevant scenarios with the help of professional actors. However, as a result 

of the rapid developments in human-computer interaction, there has been an increasing 

interest in the use of computers for training of social and communicative skills. This type 

of training offers interesting opportunities to complement traditional training methods 

with a novel paradigm that is more scalable and cost-effective. The main idea underlying 

such applications is that of a simulated conversation between a human trainee and a 

virtual agent. By developing the system in such a way that the communicative behaviour 

of the human has a direct impact on the behaviour of the virtual agent, an interactive 

learning experience is created. In this article, we review the current state-of-the-art in 

virtual agents for social skills training. We provide an overview of existing applications 

and discuss various properties of these applications. 

  

                                                 
1 This chapter has been published as: 

Bosman, K, Bosse, T. , Formolo, D. (2017). Virtual Agents for Professional Social 
Skills Training: An Overview of the State-of-the-Art.  In: Cortez P., Magalhães L., 
Branco P., Portela C., Adão T. (eds) Intelligent Technologies for Interactive 
Entertainment. INTETAIN 2018. Lecture Notes of the Institute for Computer 
Sciences, Social Informatics and Telecommunications Engineering, vol 273. 
Springer, Cham, 75-84. 
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8.1 Introduction 
Having good interpersonal communication skills is an important ability 
for human beings to be able to function in daily life. Without them, we 
would have severe difficulties living together with our partner, 
maintaining our close friendships, and educating our children. However, 
social skills are also important in professional life, in particular for jobs 
where interaction with clients, customers or other citizens plays a role. 
For instance, medical doctors require communication skills to hold bad 
news conversations [1], police officers require communication skills to 
conduct interrogations [2], and public transport employees require 
communication skills to de-escalate aggression [3]. 

According to [4], interpersonal communication skills is an umbrella term 
that covers a number of core competencies, including non-verbal 
communication, questioning, reinforcement, reflecting, explaining, self-
disclosure, listening and humour. Unfortunately, the extent to which 
people possess these skills varies greatly per individual. For example, 
communication skills are typically less developed in patients diagnosed 
with Autism Spectrum Disorder [5]. But also, for healthy individuals, their 
social skills may sometimes be insufficient to deal with delicate situations 
in a satisfactory manner. For instance, medical doctors are not always 
sufficiently prepared to handle confrontations with aggressive patients, 
which may indeed lead to serious conflicts [6]. 

The good news is that communication skills can be trained, at least to a 
certain extent. To enable professionals to practice and improve the social 
skills they require for their job, organizations invest a lot of time and 
money into training programs. Traditionally, such training programs 
make use of role play, through which participants can practice certain 
simulated scenarios either with professional actors or with teachers or 
classmates [7], [8]. Scenarios that are practised in this way vary from 
general everyday situations (e.g., 'how to receive a compliment from my 
friend') to job-specific situations (e.g., 'how to calm down a frustrated 
customer'). 

Although this type of training can be reasonably effective, it suffers from 
several drawbacks. First, organizing training sessions is very costly, both 
in terms of money and time. As a result, the frequency by which they are 
offered is low. Second, there are large differences in the successfulness 
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of role-play-based training: for some students, the learning effect is 
large, whereas for others it is minimal. And third, training is never fully 
completed. As argued in [9], employees need frequent refreshing 
sessions, which often conflict with regular work schedules. In conclusion, 
existing approaches for communication skills training are hard to tailor to 
individual needs, and difficult to combine with work schedules. 

As a complementary approach to role play are serious games, which are 
games designed for a primary purpose other than pure entertainment. A 
formal definition is formulated in [10]: “Serious game: a mental contest, 
played with a computer in accordance with specific rules, that uses 
entertainment to further government or corporate training, education, 
health, public policy, and strategic communication objectives“. Into the 
serious games domain, there has been increasing interest in the use of 
Intelligent Virtual Agents (IVAs) for training of social skills. IVAs can be 
defined as 'intelligent digital interactive characters that can 
communicate with humans and other agents using natural human 
modalities like facial expressions, speech, gestures and movement' [10]. 
The main idea underlying applications based on IVAs is that of a 
simulated conversation between a human trainee and an artificial 
interlocutor (the IVA) represented in a virtual environment (e.g., using a 
tablet, laptop, or Virtual Reality headset). By developing the system in 
such a way that the (verbal and/or non-verbal) communicative behaviour 
of the human has a direct impact on the behaviour of the virtual agent, 
an interactive learning experience is created.  

The current article describes a number of representative applications in 
the area of IVAs for social skills training. The main purpose of this paper 
is not to describe new research results, nor to provide an exhaustive 
literature review. Instead, it is meant to provide a high-level overview of 
existing approaches regarding IVAs for social skills training. A 
representative selection of recent applications is reviewed, and the 
systems are categorized according to a list of characteristics such as the 
application domain, the interaction modalities, and the extent to which 
the system has been evaluated. 

8.2 IVAs for Social Skills Training 
IVAs for social skills training are typically part of a larger system that can 
be called a Virtual Learning Environment. In [11], Virtual Learning 
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Environments are defined as 'a multi-dimensional experience which is 
totally or partially computer generated and can be accepted by the 
participant as cognitively valid'. The key idea is that the user's senses are 
stimulated in such a way that the virtual environment is almost 
experienced as a real environment. Users or players are considered 
those who play a serious game with the deliberate aim of improve the 
abilities for which the game is proposed.  

Over the years, the graphics of virtual environments have become 
increasingly realistic, mainly due to the developments in the video games 
and military simulation industry [12]. Besides of entertainment, virtual 
environments can be used for many other purposes, including education, 
mental health care, and e-commerce. Traditional virtual training systems 
mainly focused at learning either psycho-motor skills (e.g., driving a 
vehicle [13] or cognitive skills (e.g., tactical decision making [14]). In 
contrast, recent developments in Artificial Intelligence have paved the 
way for virtual environments for social skills training, which is the focus 
of the current paper.  

Social skills are those abilities that people use to communicate with each 
other, both verbally and non-verbally. These social skills can portray 
themselves through gestures, body language and even personal 
appearance2. When training social skills, it is important to become aware 
of how one's communicative behaviour influences the behaviour of 
others. During interpersonal communication, the first aspect someone 
will notice about the interlocutor is his or her appearance and behaviour. 
This immediately leads to a judgement regarding the other person, 
which is often unconscious [15]. In order to influence this judgement in a 
positive way, it is important to be able to show the appropriate verbal 
and non-verbal behaviours.  

To be able to develop these skills in a simulation-based environment, it is 
important that the virtual environment closely resembles the real 
environment. Another important aspect that determines the user's 
experience is the extent to which the interaction between the user and 
the IVA is perceived as natural or believable [16]. That could be 
measured through surveys or biofeedback signals monitoring user`s body 
reactions to the IVA's acts. 

                                                 
2 https://www.skillsyouneed.com/ips/social-skills.html 
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If the virtual characters do not behave like people would normally 
behave in a particular situation, the credibility of the simulation 
decreases, which may in turn decrease the learning effect [17]. Other 
parameters that determine the quality of the experience include the 
graphics frame rate, the tracking capabilities, tracking latency (the time it 
takes before a head movement results in the correct change in the 
display), image quality, the amount of field a user can see, the behaviour 
of objects, and the range of sensory accommodations [18]. 

Furthermore, the success of a virtual learning environment depends to a 
considerable extent on the user`s acceptance. As argued in [19], 
individually tailored e-learning environments will have a higher 
acceptance rate. Nevertheless, in many cases, e-learning has been found 
to be just as effective (e.g., [20]), or even more effective [21] than class-
based learning.  

In order to build IVAs for social skills training, typically a modular 
approach is taken, where developers first create separate modules for 
specific capabilities of the agent, and then integrate them into a 
coherent system. An overview of the various capabilities that an IVA 
might have, taken from [22], is shown in Figure 1. This figure shows the 
possible capabilities of an IVA (represented by the rectangles) and their 
interactions at an abstract level. Depending on the requirements of the 
application, the developer can choose a subset of these capabilities, and 
implement them using the specific technology that is desired. 

Explaining the details of each component of Figure 1 is beyond the scope 
of this paper, but a rough summary is as follows. Typically, a human user 
(lower-left) interacts with a virtual agent of which the behaviour is 
displayed via a renderer (lower-right). The four rectangles on the left 
hand side of the figure represent processing of the user’s input, of which 
the two modules on the left deal with non-verbal information (e.g., 
interpreting the user’s facial expressions, gestures, posture or even 
physiological signals like heart rate or skin conductance) and the 
modules on the right with verbal information (i.e., processing the user’s 
text or speech). Similarly, the four rectangles on the right-hand side of 
the figure are about generating the agent’s output. Here, the two 
modules on the right deal with non-verbal information (e.g., displaying 
facial expressions on the agent’s face) and the modules on the left with 
verbal information (i.e., determining what the agent says). The agent 
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module, shown in the upper part of the picture, is an internal layer that 
connects the input to the output. For instance, a simple way to 
implement this would be to use a fixed question-answering mechanism 
that generates pre-defined responses for certain questions asked by the 
user [23]. However, more complex implementations make use of 
sophisticated dialogue managers that keep track of the progress of the 
conversation with the user. 

 

FIGURE 1. ICT VIRTUAL AGENT ARCHITECTURE 
On top of a system as displayed in Figure 1, sometimes an additional 
layer is implemented to generate explicit feedback (e.g., using 
computational models of the task and the user's performance [24]). 
Providing feedback on the performance of the trainee is an important 
mechanism to facilitate learning. Within the context of IVA-based 
training, feedback may have the form of hints to inform the trainee that 
certain behaviour during the simulated scenario was appropriate or 
inappropriate. In addition, it is often claimed that after-session feedback, 
for instance by discussing the choices made during the scenario (and 
their consequences) with fellow trainees, is an important method to 
enhance learning [25]. 

Finally, an important question to be addressed when developing IVA-
based systems for social skills training is to what extent they are actually 
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effective in enhancing a person’s communication skills? In other words, 
to what extent have the existing systems been evaluated? When it 
comes to evaluation of training interventions, Kirkpatrick’s evaluation 
framework is a useful instrument [26]. This framework distinguishes four 
levels, named reaction ('do participants like the training?'), learning ('do 
participants acquire the intended skills?'), behaviour ('do participants 
apply the learned behaviour in practice?'), and results ('does the training 
result in the targeted outcomes?'). 

The idea behind evaluation on level 1 is to measure the satisfaction of 
the users with the intervention. This can be done through interviews, all 
kinds of questionnaires during or after the training, and spontaneous 
comments of the participants.  

The second level of evaluation is used to investigate how effective the 
intervention is as an instrument to acquire new skills. A popular way to 
do this is by measuring the user's performance within the serious game 
over time (e.g., by administering a pre-test and a post test, and 
comparing the differences). However, other methods for evaluating this 
aspect are observation of the participant's behaviour, conducting 
interviews and self-assessments.  

The third level of evaluation measures users' behaviour in a context that 
is different from the training environment. Hence, rather than simple 
testing if the participants improve their performance within a game, this 
level addresses transfer of training: it measures if the intervention is 
successful in changing behaviour in the real world. For example, in the 
context of social skills training, a level 2 evaluation might measure if 
participants become better in solving artificial scenarios involving 
conflicts with virtual agents, whereas a level 3 evaluation might measure 
if they become better in solving conflicts with real people. 

Typical evaluation methods for level 3 are controlled experiments and 
observations. Controlled experiments have the advantage that it is 
usually easier to measure performance, but a drawback is that the 
setting is still a bit artificial. Observations are closer to reality, it may be 
costly and difficult to collect data about real life situations. Moreover, a 
general problem with these evaluations is that it is not always clear how 
much time is required in order to change users' behaviour. 
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Finally, level 4 evaluation is about results, i.e., it measures the impact of 
users' improved skills on an organization as a whole. For instance, an 
intervention for training social skills may result in an increase of 
productivity, reduction of conflicts, higher level of customer satisfaction, 
etc. Evaluating such outcomes is typically something that takes a lot of 
time and is not easy to quantify. Overall, we can conclude that the higher 
levels of the evaluation framework relate to more thorough forms of 
evaluation, but are also more challenging to achieve. 

The next sections discuss a number of recent projects involving IVAs for 
social skills training. First, in Section 8.3, the separate projects are briefly 
summarized. After that, in Section 8.4, they are compared according to a 
list of characteristics. The characteristics that are used for the 
comparison directly follow from the discussion above (and are related to 
the terms written in italics in the current section), namely: input, output, 
internal, feedback and evaluation. A sixth characteristic, formalism, has 
been added to provide information about the type of modelling 
framework or formal representation that has been used (e.g., AIML or 
Finite State Machines). Finally,  Section 8.5 address the conclusion of this  
work. 

8.3 A Selection of Existing Applications 
In order to find relevant articles about IVAs for professional social skills 
training, the scientific search engines Google Scholar, IEEE, and ACM 
library were used. Articles from before the year 2000 have not been 
taken into consideration. Search terms like Conversational Agent, Virtual 
Human, Virtual Agent and Avatar were used in combination with terms 
like Social Skills Training and Conversational Skills Training. This resulted 
in slightly less than 1000 articles. However, a substantial number of 
search results turned out to be out of scope, so many of them were 
disregarded after reading the abstract. The main inclusion criteria were 
1) the presence of a visually embodied agent, 2) the aim to train people's 
social or communicative skills, and 3) the presence of an implemented 
system. Hence, papers describing purely theoretical models or partially 
implemented systems were discarded. Also, papers describing 
commercial applications were excluded because they normally don`t 
provide any details about the implementation of the system. 
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Moreover, and importantly, this literature study focuses on applications 
aimed to improve social skills required for professionals in work 
environments, e.g., in domains like healthcare, education, law 
enforcement, military and other areas. In contrast, it does not cover 
social skills training in psychotherapeutic context, such as for patients 
with autism, depression, or anxiety disorders. Hence, also these articles 
were discarded. For this domain, an extensive review has been 
conducted by Provoost and colleagues [27].  

Once a relevant paper was found, the references used in this article were 
checked for relevance to this subject as well. Eventually, this resulted in a 
selection of twelve papers describing research projects about IVAs for 
social skills training. As the papers describe rather diverse approaches 
and application domains, we feel that this selection provides a fairly 
representative overview of the current state-of-the-art. However, we do 
not claim that this overview is exhaustive. 

Below, the 12 selected papers are discussed in more detail (in 
alphabetical order). After that, they are categorized and compared 
according to the criteria identified in the previous section (see Tables 
Table I and Table II).  

8.3.1 ASST 

The Automated Social Skills Training (ASST) system helps people improve 
their social communicative skills. Its emphasis is on decreasing anxiety 
and discomfort in social interaction. The game teaches to users 
established social skills methods applied by coached in traditional 
training sessions [28]. The system first defines target skills; after that, it 
shows recorded examples of people with proper behaviour and invites 
the user to start its own narrative, through a short dialogue with an 
avatar. While the user is telling her story, the avatar replies by blinking its 
eyes. When the system identifies an utterance, the avatar nods its head. 

During 1 minute of interaction, the system analyses the user’s vocal 
signals, and counts long words with more than 6 letters and pauses in 
the speech. At the end of the interaction a report is generated with 
graphs indicating the user's performance and positive messages, points 
to be improved and an overall score that increases the user's confidence 
and stimulates her to continue improving her abilities. 
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Experimental results show that interaction with the avatar decreases 
nervousness and increases the user's subjective impression of his or her 
ability to talk well compared to interaction with an unfamiliar person. 
Additionally, experiments show that participants significantly improve 
their skill, as assessed by separate evaluators, by using the system for 50 
minutes. A survey also has shown that the users consider the system 
useful and easy to use, and that interaction with the avatar has felt 
similar to human-human interaction. 

8.3.2 Believable Subject Agent 

The PhD Thesis of Bruijne [17] describes an interactive system that helps 
the police train their interrogation skills and is particularly applicable to 
police academy students. The system features Believable Suspect 
Agents: virtual agents that portray the suspect in a police interrogation. 
Since the system allows for social interaction, the player is able to 
practice his social skills. The system uses the interpersonal circumplex 
framework [30] to describe how people respond to each others’ stances 
(also known as someone's attitude). Integrating this circumplex into a 
computational model of a suspect allows for believable behaviour that 
expresses the suspect’s stance as a response to the user's interrogation 
strategy. 

The conceptual model is created using classifications. The system uses 
the sensed actions of the user to interpret the underlying meaning. The 
model then uses these interpretations to form a reaction in the form of a 
'mental state' of the virtual suspect. This mental state helps to select the 
most human-like action that the virtual suspect has available, allowing 
for a believable experience. 

The interrogation is completed when the player meets the set goal or is 
no longer able to reach this goal. Once the interrogation is completed, 
the player receives feedback on his performance. 

Several experiments were conducted to evaluate the performance of the 
system. These experiments focused on measuring users' subjective 
experience as well as testing whether their abilities improved after 
working with the system. 
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8.3.3 BiLAT 

BiLAT is a tutoring system that allows army soldiers to practice their 
cross-cultural negotiation skills [31]. In order to make the responses of 
the virtual agents as real as possible, the researchers conducted a task 
analysis with the Army's expert negotiators.  

The gained information could then be divided into two parts: principles 
that are important for exercising good judgement, and procedural steps 
that support the principles and increase the chances of success.  

Since the system is designed to help army officers for their preparations 
to go to the Middle East, cultural considerations also play an important 
role. The system does not reduce a culture to a specific set of rules, but it 
does consider the sensitivities of a culture when it comes to 
communicative actions. 

Each scenario is equipped with its own set of learning objectives. The 
scenario progresses each time the player meets with virtual agents. If the 
player is able to successfully apply the principles and practices of 
negotiation, the scenario is considered a success. Overall, the BiLAT 
experience makes use of the twelve-step negotiation process, which in 
turn can be divided into three major components. In this process, the 
player is expected to prepare for the meeting, conduct the meeting, and 
go through an after-action review.  

During the preparation, the player is able to write down any knowledge 
on a worksheet. Once a certain part of knowledge is written down on 
this sheet, the player is able to use actions regarding this knowledge. For 
example, if the partner enjoys a cup of tea, the player gains the action to 
offer a cup of tea during the meeting itself.  

During the meeting itself, the player is able to choose four different kinds 
of actions: say, ask, give, and do. Each meeting is provided with a basic 
set of actions, both good and bad. Based on the preparations the player 
conducted beforehand, additional actions are added. Based on the 
personality, trust to the player, and complexity of the virtual agent, each 
of these actions garners a different response. The virtual agent also has 
access to meetings that have already taken place in the past. If these 
meetings were productive, the virtual agent might be more cooperative 
in the current meeting.  
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Once the simulation is over, a reflective tutor points out the high and low 
points of the meeting. The tutor also shows the player his scoreboard, 
which is an overview of the performance. The overview consists of three 
main components: a textual summary, scores for each learning objective, 
and a list of all the actions taken during the meeting. 

Experiments were conducted to evaluate the performance of the system. 
They analysed the reactions of users during the simulation and their 
performance after it. 

8.3.4 ColCoMa 

Collaborative Conflict Management, or ColCoMa, is a serious game that 
allows the players to train conflict management skills [32]. The game 
takes place in a virtual chat setting, and allows a pair of players to 
converse about a given fictitious conflict. The chat between these two 
players is moderated by a chatbot, which follows the typical structure of 
mediation talks. The main goal of the game is to come to find a middle 
ground and come to a resolution that both parties can agree on.  

In order to ensure a conflict, each player receives a different instruction 
at the start of the conversation. The introducing scenario is kept simple 
and comprehensible, focusing on the main conflict. 

Overall, the game has two parts: the mediation, and the reflection. In the 
mediation, the two players can talk about the conflict at hand using the 
integrated chat. In order to make it more realistic, the players can also 
use facial animations. During these mediation talks, the chatbot observes 
the tone of the conversation, and when necessary, cut in to calm the 
players down. In the reflection part, the players are able to assess the 
managing skills of their opponent. Each player also receives textual 
feedback from the system, and is able to see a replay session of the 
conversation.  

The conversation can end in three ways. It is either successfully finished 
once a conflict resolution is achieved, or completed if the chatbot notices 
that the conversation does not advance. The conversation also ends if 
one of the players leaves the chat room. 

An initial usability study was performed, which focused on assessing 
users' impressions of the game as well as its overall usability. 



CHAPTER 8: Virtual Agents for Professional Social Skills Training: An 
Overview of the State-of-the-Art 197 

8.3.5 Communicate! 

Communicate! is a serious game which allows health care professionals 
to practice their communication skills towards their clients [33]. The 
simulation allows the player to hold a consultation with a virtual agent. 
Such a consultation could be either a bad news consultation, or an 
opportunity to practice dispensing drugs to a client for the first time. 
Either way, the player is able to choose between a number of interaction 
options.  

Based on the nature of the consultation, certain learning goals are set. 
These learning goals can be specified by a teacher. Besides the learning 
goals, the teacher is also able to select the virtual agent, and develop a 
structure for the conversation. This allows a dynamic learning 
environment. During the simulation, the player is scored based on these 
set learning goals. Even though the reaction of the virtual agent could be 
aggressive, the chosen option might still have been the best one.  

That is why, once the simulation has ended, the player receives feedback 
in the form of a score on the set learning goals. The player also receives 
an annotated version of the consultation, including textual feedback 
regarding the choices that have been made. Preliminary experiments 
were conducted to analyse the users' impressions about the system. 

8.3.6 deLearyous 

deLearyous is a serious game that uses the Interpersonal Circumplex to 
train communicative skills [34]. The player is able to use free text to 
communicate with the virtual agent. In order to process this text, the 
system uses natural language processing (NLP). NLP is used to both 
determine the position of the player on the Interpersonal Circumplex, 
and to identify what the player is actually trying to say.  

In order to create an appropriate response to the player's speech input, 
a scenario engine is used. This engine requires two variables: the 
argument of the player, and the player's most probable position on the 
Interpersonal Circumplex. Once these variables are known, the engine 
finds the most probable follow-up state for the virtual agent. While 
finding the most probable state, the engine tries to avoid repetitions or 
illogical jumps in the conversation. 
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Besides audio feedback, the virtual agent is able to provide visual 
feedback as well. Based on the output of the scenario engine, a pose and 
one or more animations are selected and played during playback of the 
audio file. 

During the scenario itself, the player is able to see changes in the 
Interpersonal Circumplex position of the virtual agent. However, as the 
authors mention in their article, it is advisable to use this system under 
the supervision of a coach. Currently, the system should not be seen as a 
golden standard for communicative skills. The paper and other related 
works do not report any results regarding evaluation of the system. 

8.3.7 INOTS 

INOTS, or Immersive Naval Officer Training System, helps army Officers 
to learn and practice their interpersonal and counselling skills [35]. Since 
the army has strict regimes, the interactions of simulation were designed 
based on the Army Field Manual. This manual describes what officers 
should do in certain situations, but at a very abstract level. This might 
lead to situations in which the officers do know what to do, but not how 
to achieve this.  

The training takes place in classes of up to 50 students at a time. During a 
simulation, one of the students is able to interact with the virtual agent. 
This player is monitored during the interaction, and his heart rate and 
skin conductance are measured. Since the simulation is a turn-based 
narrative, the player waits until the virtual agent makes an action. Once it 
is time for the player to respond, three pre-scripted responses are 
shown. Besides the player, the rest of the students are able to make a 
decision as well. They are provided with a hand-held voting device which 
they can use to indicate their preferred response. Each response is 
tracked and scored (correct, incorrect, or mixed) based on a predefined 
framework. These scores in turn form a cognitive model for each student 
in the class. Once the scenario is over, the system uses these cognitive 
models to create an after-action review. 

Several experiments were conducted to evaluate the performance of the 
system. First, the reactions and experience of users about the system 
were analysed. Second, it was investigated to what extent users gained 
knowledge and changed their attitudes after one and two days of 
training. 
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8.3.8 MRES 

MRES, or Mission Rehearsal Exercise System, allows U.S. Army leaders to 
train their decision-making skills in critical situation in which decisions 
have to be made [36]. Using virtual agents, the local citizens and friendly 
(or hostile) elements might be perceived. The behaviour of these virtual 
agents is not scripted. Instead, they perceive events in the training 
scenario and reason about the tasks they are performing. Based on these 
perceived events and the tasks, they control their bodies, faces, 
dialogues, and actions. An example is about a lieutenant (the user 
playing the game) that must move his platoon to another part of the city 
to support a weapons inspection group surrounded by population that 
increases its angry over the time, but during the route an accident occurs 
with civilians. Then a dialogue starts between the lieutenant and the 
medic soldier. A dilemma begins, the lieutenant has to decide between 
stops to take care of the civilians; assumes the risk of split his platoon in 
two to manage both situations; or ignore the civilians and accomplish his 
mission. 

In order to make the scenarios as believable as possible, the virtual 
agents must use physical behaviours as well as verbal behaviours to 
communicate. Also, the capability to participate in multi-party 
conversations is important. Besides the communication skills, emotion 
also plays a big role in believability [16].  

The MRES system uses two processes to design the emotional behaviour 
of a virtual agent.These processes are appraisal and coping. Appraisal 
characterizes the goals and desires of the virtual agent into the virtual 
environment. Coping then translates this assessment into strategic acts 
that ensure positive appraisals. 

Based on the emotion that the virtual agent experiences, a certain kind 
of physical behaviour is expected. Using gestures, head movements, and 
eyebrow lifts allow the virtual agent to express himself physically as well. 

During the simulation, the virtual agent adapts its behaviour and stance 
according to the decisions the player makes, and how the player 
communicates these decisions. If these decisions are not to the liking of 
the virtual agent, its behaviour will become more displeased and hostile.  
The paper does not report any results regarding evaluation of the 
system. 
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8.3.9 STRESS 

The STRESS [37] proposes a simulation-based training system for 
aggression de-escalation. Currently, the system is aimed at public 
transport personnel. These workers have to deal with aggressive 
behaviour on a daily basis. The training scenarios feature a customer 
that, at some point, starts behaving aggressively. The user’s task is to de-
escalate this behaviour by applying the appropriate communication 
techniques. These scenarios are designed in such a way that the 
characters calm down if they are being approached correctly, and get 
increasingly aggressive if they are being treated inappropriately. These 
changes in behaviour appear immediately, providing the user with 
constant feedback on their performance. During a training, the 
physiological state of the player is monitored as well. To be exact, during 
a simulation, the system monitors the player's heart rate, electrodermal 
activity (EDA), and his EEG signals. These data are included in both the 
run-time adjustments of the simulation, as well as in the feedback 
provided after the training session.  

Overall, the system uses two layers: the analysis and the support layer. 
The analysis layer outputs the user's emotional state and decision-
making behaviour. This information is then used to modify the running 
scenario, and to provide feedback to the user afterwards. The support 
layer has two functionalities, namely scenario development and 
feedback determination.  

Once the training is over, the support layer uses the output of the 
analysis layer to generate appropriate feedback on the player's 
performance. It checks if the situation was successfully de-escalated, and 
if that is not the case it assesses what the cause of this unsuccessful de-
escalation was. 

A series of experiments were conducted to evaluate different aspects of 
the system. Based on a user experience questionnaire, potential end 
users were found to be positive about its potential use as an educational 
tool. In addition, users' communicative skills were found to improve after 
using the system for four weeks. However, this improvement was not 
found to be significantly larger than for a control group that did not use 
the system.  
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8.3.10 Virtual Patient 

Virtual Patient is a serious game that allows medical students to train 
their patient-centred medical interviews [38]. The goal of the game is to 
discover as many of the patient’s symptoms as possible. The player is 
able to communicate with the patient using free text. Also, non-verbal 
communication like nodding or smiling are possible.  

The answers provided by the patient (avatar) to the player depend on 
the level of trust the patient has. In order to retrieve certain symptoms, a 
given level of trust and empathy has to be gained. These levels are 
calculated based on the analysis of the player's verbal and non-verbal 
interactions, training the user in make medical interviews comfortable to 
patients. 

Once the conversation is over, the player receives two kinds of feedback. 
First, the player is presented with an overview of the obtained scores 
regarding trust and empathy. The player also receives a list of the 
identified symptoms. Once these are established, the player receives an 
annotated transcript of the conversation. 

Experiments were conducted to evaluate the system. They covered an 
analysis of the behaviour of users when playing the game as well as their 
personal impressions about the system. 

8.3.11 Virtual Recruiter 

The Virtual Recruiter, developed within the TARDIS project [39], is a 
simulation which allows players to train for a job interview. The interview 
is a one-to-one job interview in which the virtual agent acts as the 
recruiter. The recruiter leads the discussion by asking questions or 
proposing conversation topics to the player. 

In order to make the virtual agent as realistic as possible, the behaviour 
gets planned in three steps. The first step is to create a performance 
index of the player's non-verbal responses. Once this index is 
established, it is passed to a module which computes the potentially 
expressed emotions. In the second step, the mood and behaviour of the 
virtual agent are adjusted according to the computed emotions of the 
player. The virtual agent is able to show seven different categories of 
mood: friendly, aggressive, dominant, supportive, inattentive, attentive, 
and gossip. In the last step, the appropriate social signals that 
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correspond with the emotion and attitude of the virtual agent are 
determined.  

An added bonus to the simulation is that the basic personality of the 
virtual agent can differ each session. The personality of the virtual agent 
consists of the presence or absence of five different traits: openness, 
conscientiousness, extroversion, agreeableness, and neuroticism. The 
virtual agent can be provocative, demanding, understanding, or helpful. 

During the conversation, the player receives feedback from the virtual 
agent in terms of mood adjustment and overall personality changes. If 
the conversation is going well, the virtual agent will become more open 
and friendly, whereas if the conversation is perceived as unsuccessful, 
the virtual agent will adjust accordingly [40]. 

Experiments were conducted to analyse user's impressions about the 
system. In follow up research, the performance of the system was 
compared with a conventional form of training, and was found to 
outperform this [41]. 

8.3.12 Virtual-Suspect 

Virtual-Suspect is a serious game designed to train police officers in 
interrogative interview scenarios [42]. The goal is to identify if for a 
criminal event a suspect is found guilty or innocent. The system makes 
use of a one-to-one text-based conversation in which the user practices 
her abilities to extracting relevant information from the suspect. The 
game allows users to choose among several scenarios and tune the 
personality of the agent. The agent has pre-fixed answers, which are 
matched to expected questions from the user. This approach allows the 
user to ask questions using free text. In addition, internal short and long-
term memory contribute to keeping the agent's answers coherent. 

At the end of each conversation, a report is provided to the user, as well 
as transcripts of an interrogation, which supports instructors in 
monitoring the training. Experiments were conducted to evaluate the 
reliability of the game. The results indicate that the internal mechanism 
of the agent for selecting answers is equally realistic as a human trainee 
performing the task of selecting answers. 
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TABLE I. SUMMARY OF THE 12 APPLICATIONS 

Project  Input  Output  Internal  
ASST 
Decrease discomfort  

Speech  Speech 
Facial expressions  

Scenario engine  

Believable Suspect 
Agents 
Police interrogations  

Free text 
Speech  

Speech  Response model 
based on stance  

BiLAT 
Cross-cultural 
negotiations  

Specified menu 
choices (say, 
ask, give, do)  

Speech Gestures  Rule-based 
responses  

ColCoMa 
Conflict management  

Free text  Text 
Facial expressions  

AIML-processor  

Communicate! 
Communication skills  

Specified menu 
choices  

Emotion Speech  Consultation graphs  

deLearyous 
Communication skills  

Free text  Pre-recorded audio 
Visual feedback  

Scenario engine 
using sentiment  

INOTS  
Counseling  

Specified menu 
choices Heart 
rate, EDA  

Speech  Conversation trees  

MRES 
Critical decision-
making  

Speech  Speech 
Gestures 
Facial expressions  

Focus mechanism 
via Soar 
architecture  

STRESS 
Aggression de-
escalation  

Specified menu 
choices Heart 
rate, EDA, EEG  

Pre-recorded audio 
Facial expressions 
Gestures  

Conversation trees  

Virtual  
Patient Medical 
interviews  

Free text 
Gestures  

Facial expressions 
Text  

AIML-processor  

Virtual Recruiter  
Job interviews  

Speech Multi-
modal cues  

Speech  Sequential 
behaviour planner 
based on stance  

Virtual-Suspect  
Police interrogations  

Free text  Text  Scenario engine  

TABLE II. SUMMARY OF THE 12 APPLICATIONS (CONTINUE) 

Project  Feedback  Evaluation  Formalism  
ASST 
Decrease discomfort  

Hints afterwards Scores  Level 2  MMDAAgent 
Snak Sound Toolkit  

Believable Suspect 
Agents 
Police interrogations  

Mood changes Thought 
bubbles Final reflection  

Level 2  Interpersonal 
Circumplex NPCEditor  

BiLAT 
Cross-cultural 
negotiations  

Reflective tutor State 
changes  

Level 2  PsychSim 
Intelligent tutoring 
system  

ColCoMa 
Conflict 

Feedback from 
opponent Textual 

Level 1  AIML-Chatbot Facial 
animations C# and 
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management  feedback 
Replay session  

.NET  

Communicate! 
Communication skills  

Emotion changes 
Annotated textual 
feedback Scored goals  

Level 1  Domain reasoner  

deLearyous 
Communication skills  

Position change  Unknown  NLP 
Interpersonal 
Circumplex Finite 
State Machine  

INOTS  
Counseling  

After-action review 
Homework review  

Level 2  I-CARE framework 
LiSA-CARE framework  

MRES 
Critical decision-
making  

Run-time adjustments  Unknown  Multigen-Paradigm’s 
PSERT, DIRM  

STRESS 
Aggression de-
escalation  

Run-time adjustments 
Hints afterwards  

Level 2  InterACT Adaptive 
training  

Virtual  
Patient Medical 
interviews  

Annotated transcript 
Scores  

Level 1  AIML-chatbot HTML, 
CSS, PHP, JS  

Virtual Recruiter  
Job interviews  

Mood changes 
Personality changes  

Level 3  SSI 
Interpersonal 
Circumplex  

Virtual-Suspect  
Police interrogations  

After-action review 
Mood changes  

Level 1  Not reported  

8.4 Overview 
This section provides an overview of the 12 applications that have been 
discussed. As mentioned in Section 8.2, the applications are compared 
according to six characteristics: input, output, internal, feedback, 
evaluation and formalism. The results are shown in Table I and Table II.  

As becomes clear from the tables, there is a wide variety in the 
approaches used to train social skills using IVAs. However, one can also 
see that some methods are more commonly used than others. Below, 
these similarities and differences are discussed per characteristic. 
However, it is important to point out that the papers that were reviewed 
differed with respect to the level of detail in which the application was 
described. The comparisons made in the tables are solely based on the 
information that was available.  
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8.4.1 Input 

There are roughly three approaches to allow the user to provide verbal 
input to the system, namely: free speech, free text input, and pre-
determined multiple choice options. Obviously, each of these options 
has its pros and cons. Typically, interacting with an IVA using free speech 
is perceived as more natural than typing text, or selecting options from a 
multiple choice menu. In addition, the latter brings along a risk that users 
feel forced to select answers that they would never give in real life. On 
the other hand, free speech or text is clearly more difficult to process (on 
a semantic level) than pre-defined sentences, which increases the risk 
that the system generates inappropriate responses or 'backup' responses 
like 'I do not understand,  please rephrase'. 

Regarding non-verbal input, some systems (e.g. Virtual Recruiter) extract 
social cues from multi-modal input such as facial expressions or gestures. 
The purpose of this is to understand not only what is said, but also 'how' 
the user says something. In addition, INOTS and STRESS take 
physiological signals like heart rate, EDA or EEG signals into account. 

8.4.2 Output 

Also, on the level of the output (i.e., the behaviour displayed by the IVA) 
a distinction can be made between verbal and non-verbal aspects. 
Regarding verbal aspects, all systems use either text or speech, with the 
latter being most popular. Speech is either generated based on pre-
recorded audio files or is generated at run-time using text-to-speech 
engines. Non-verbal elements are not used by all systems, but in several 
cases, they are used to enhance the believability of the agents. The non-
verbal cues that are used are mostly facial expressions and (less 
frequently) gestures.  

8.4.3 Internal 

To determine how the virtual agent should respond, different methods 
are available. The trigger for activating these methods is always the 
same: input from the player (as discussed in Section 8.4.1). However, 
depending on the method, the input is either directly mapped to output, 
or is first interpreted in terms of higher level intermediate constructs. An 
example of a direct mapping between input and output is the use of 
conversation trees in combination with a multiple choice menu (e.g., as 
in INOTS or STRESS). In such systems, the user can select an option from 
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a multiple choice menu, which then directly triggers a corresponding 
response. More advanced systems first try to make an interpretation of 
the user's (verbal and/or non-verbal) input, for instance in terms of the 
atmosphere of the conversation (MRES or Virtual Patient), sentiment of 
the text (deLearyous), or the interpersonal stance that is taken 
(Believable Suspect Agents or Virtual Recruiter). Subsequently, this 
intermediate construct is then processed by some agent model (e.g., 
based on theories such as the Interpersonal Circumplex [29]) to 
determine on a high level how the agent should respond. An alternative 
method is to use markup languages for natural language generation as 
part of the internal module (ColCoMa or Virtual Patient). 

Again, there is a large variety in the approaches that are taken, and there 
is no clear best approach. The advantage of simple input-output 
mappings clearly is that they are easy to handle by the developer. 
However, a drawback is that they may result in agent behaviour that is 
perceived as static and inflexible. This may be sufficient for some 
applications (e.g., if the goal of the system is to practice a simple 
protocol), but it is detrimental for others (e.g., if sophisticated non-verbal 
cues play a role). In such cases, often more complex agent models are 
used, to allow for a wider variety of IVA behaviour. Another advantage of 
such complex approaches is that the history of the conversation can be 
taken into account (e.g., the IVA may still be in a bad mood because of 
something the user said some time ago), which is impossible with simple 
input-output mappings. Finally, it is worth mentioning that almost all of 
the systems use a 'turn-taking' protocol, where the user is only allowed 
to provide input after the agent has finished speaking (and vice versa). 
An exception is ColCoMa, where the interaction between two human 
players is mediated by a chatbot. 

8.4.4 Feedback 

As mentioned earlier, providing feedback on the performance of the 
trainee is an important mechanism to facilitate learning. In the papers 
that were reviewed, various forms of feedback were encountered: 
feedback during the simulation, after the simulation, by a virtual coach, 
by human instructors, on paper, and via a replay of the simulation. Most 
of the applications offer either a textual summary (sometimes with 
notes) or an actual sit-down with a human coach to review the process. 
Besides these 'after-action reviews', it is also common to adjust the 
scenario while it is still running. The main idea behind these run-time 
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adjustments is that the player receives immediate feedback on his or her 
choices during the interaction. For instance, if the learning goal of a 
system is to show empathy to frustrated customers, the IVA can be 
implemented in such a way that it calms down if the user takes an 
empathic stance, but otherwise becomes even more aggressive. This 
way, the behaviour of the IVA functions as an implicit reward or 
punishment, hence facilitating a kind of associative learning process. 

8.4.5 Evaluation 

To assess to what extent the 12 applications have been evaluated, we 
classified them on the basis of Kirkpatrick’s four levels of evaluation [26]. 
As shown in Table II, most applications have been evaluated on the level 
of users' reaction (Level 1) or on the level of learning (Level 2). Based on 
the information that was available, we categorized ColCoMa, 
Communicate!, Virtual Patient and Virtual-Suspect into Level 1; ASST, 
Believable Suspect Agents, BiLAT, INOTS and STRESS into Level 2;  Virtual 
Recruiter reaches level 3. MRES and deLearyous did not provide enough 
information to be classified into one of the levels. The fact that only one 
of the projects went beyond level 2 can probably be explained by the 
difficulty to measure the real impact of training intervention, as well as 
the costs (in terms of time and money) involved in it. Also, as most of the 
applications were the result of academic endeavours from computer 
scientists, more extensive evaluation efforts were probably not high on 
their priority list. Nevertheless, to make IVAs for social skills training 
more widely adopted, it would be wise to spend more time on 
longitudinal studies with the aim to assess how effective these systems 
are in changing a person’s behaviour. 

8.4.6 Formalism 

The column on formalisms has been included to provide an overview of 
the programming languages, modelling frameworks, and other tools that 
have been used to implement the IVA-based systems that were 
reviewed. As can be seen, the technology used varies from standard 
programming language (such as C#) and general AI tools (such as AIML) 
to more dedicated agent-based development frameworks (such as 
InterACT or PsychSim). Clearly, as each project uses its own approach, it 
is hard to draw any useful conclusion from this information. Perhaps the 
most important lesson that can be learned from this is that it is advisable 



208  Conclusion 

to strive towards a more uniform standard for the development of IVAs 
(e.g., the Virtual Human Toolkit [22]). 

8.5 Conclusion 
This paper discussed twelve different applications which all share the aim 
to improve a user's social skills. The focus was on social skills training in 
the professional domain. Although there was a wide variety in the 
approaches taken to reach this goal, there are also some similarities 
between different applications. An overview of the differences and 
similarities can be found in Table I and Table II. However, it is important 
to note that not all papers provided the same amount of background 
information.  

It is impossible to conclude that there is one single approach that works 
best in all situations. Rather, the choice for a certain paradigm or 
technology should depend on the purpose of the training application. As 
a general approach, when developing an IVA-based training system, it is 
useful to view the envisioned system in terms of the architecture 
displayed in Figure 1. Then, for each module in the architecture, an 
entire spectrum of methods is available (e.g., for the 'input part' one can 
distinguish between free speech, free text, multiple choice, etc). The 
developer should select the method that is most suitable for the 
intended purpose, considering the relevant financial, temporal and other 
constraints. In addition, more effort should be spent on long-term 
studies that assess how effective IVA-based systems really are in 
changing a person’s behaviour, and which factors contribute to that. 
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CHAPTER 9: A Multimodal Chatbot System for Enhancing 

Social Skills Training for Security Guards 

Abstract. Chatbots are typically used in dialogue systems for various purposes such as 
customer service and information acquisition. This paper explores enhancement of social 
skills training for security guards with the use of chatbots. More specifically, we designed 
a chatbot using text and voice as input to study the acceptance and the impact of the 
system to training security guards in deal with stress situations. The result of a pilot 
experiment and a survey are presented and discussed. Finally, we discuss possible 
improvements and future work. 
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9.1 Introduction 

Essential skills dealing with inter-personal connections and social 
interactions can be crucial in the success of many jobs. Good 
communication and interpersonal skills are therefore essential. However, 
to improve such skills, one needs to learn from practice rather than 
books. Typically, companies employ professional actors and deliver role-
playing sessions for the training of new recruits, which can be costly, 
time-consuming and hard to organize. Alternatively, training based on 
serious games is less costly. Serious games make use of conversational 
agents, also known as chatbots. Most chatbots uses auditory or textural 
input/output while the most advanced combine both with avatars. These 
programs are typically used in dialogue systems for various purposes 
such as customer service and information acquisition. Although it costs a 
lot to develop such a system, the advantage is that they can be scaled to 
simultaneously interact with a large group of users, making it viable. In 
addition, it is local and time independent, which reduces the 
requirements for interaction, making it more flexible and adaptable than 
traditional methods. For these reasons, chatbots can potentially be used 
in a wider variety of instructional situations [1]. In this paper, we study 
how the use of chatbots for social skills training can make a difference in 
engagement and knowledge gain of security guard candidates1. 

We designed and implemented the chatbots on campus and conducted 
our experiment and collected the data at a local mid-scale company 
named Workrate2 with the aid of their staff. The company has 634 
employees and provides security service for ports, air cargo, company 
offices and their data centres. Many of the employees are university 
students who work part-time to cover duties such as reception, control 
rounds, mobile surveillance, etc. A security guard interact with officers, 
customers and staff during his or her daily duties.  Such duties can be 
demanding on inter-personal interaction, especially in case of criminal 
cases or potentially harmful occasions. Improper means of interaction 
may cause harm to staff, victims or even results in life threatening 
scenarios and cause damage properties and reputation. New recruits are 
therefore required to pass a practical exam to demonstrate essential 
skills in the form of three role-playing games before they get on duty. To 

                                                 
1 This paper is based on the bachelor thesis of Stein de Bever 
2 https://www.workrate.eu/en 
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improve the passing rate and reduce the cost in training, the companies 
offer trail role-playing training sessions. These sessions with professional 
actors can be costly, time-consuming, location-dependent, and therefore 
hard to organize. 

 The company suffers from low passing rate. The interpersonal skills and 
the result of such training differ significantly from person to person due 
to the lack of practice. Since such role-play dialogues are hard to practice 
alone and practical sessions with actors have several drawbacks, it is 
natural to consider chatbots as an alternative. Despite chatbots are 
interactive, less costly and location-independent, they have their own 
drawbacks. They can suffer from imperfection in the interpretation of 
voice and the lack of emotion. In this paper, we intend to explore the 
following research question, which infers two sub-questions: 

Can social skills training for security guards be improved by using 
chatbots? 

x To what extent do people accept chatbots as tools for social 
skills training? 

x Which means of interaction with chatbots has better training 
effects (text input or free speech, or combined)? 

In the following section, some background information and related 
literature are presented. Section 9.3 and Section 9.4 are the design and 
the implementation of our chatbots respectively. The results are 
presented in Section 9.5. Finally, in Section 9.6, we discuss the results 
and outline some future work. 

9.2 Background and Related Work 

Chatbots are interactive computer programs that takes auditory or 
textual inputs and respond with informative answers. Thanks to the 
advance in Natural Language Processing in recent years, chatbots 
embrace applications in customer service, information acquisition, 
education, professional training and so on. 

In the study by Bayan et al. the potential use of chatbots in education is 
addressed [2]. In later research conducted by Hoffmann et al. {[1]}, a 
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virtual assistant supports students with the basics of a study area. That 
gives more time to the teacher focuses on more complex topics of that 
area. They further compared to traditional e-learning systems and 
studied features in providing knowledge in this interactive way. Both 
state that chatbots had positive impact on the results of the student [1], 
[2]. Abbassi et al. [3] studied learning with chatbots vs. conventional 
search engines for the teaching of Object-oriented Programming. They 
concluded that the learning outcomes by using chatbots are significantly 
better when compared with learning through conventional search 
engines. 

In addition, chatbots have also been used in medical domains to deal 
with depression [4] and stress [5]. Some distinct chatbots can make use 
of emotions to provide psychiatric counselling service in mental 
healthcare [6]. Closer to our research is the case study by Bosse et al. [7] 
where they studied how conversational agents can be used for public 
transport employees in dealing with aggressive customers. The case 
study showed that the employees managed to enhance their social skills 
after training with conversational agents. As a result, the training 
employees manage stress situations more effectively. 

In contrast with existing work, we focus on engagement and the 
comparison of the efficiency of text and auditory input for social skills 
training in contexts where people confront others and have to make 
decisions under pressure. We also study how adding chatbots to the 
classical approach in training would improve the passing rate. The next 
section describes the design of our chatbots for the training of security 
guard trainees, which we will refer to as users. 

9.3 Chatbot System Design 

In this project, two versions of chatbots have been developed using the 
Watson Assistant3. One using voice and text and another using only text. 
The voice component approximates users of real scenarios. It also 
includes time pressure to the user replies to the chatbot. By the other 
hand, translating voice in text can inject wrong inputs to the chatbot by 
imprecise algorithms, untypical accents or environmental noise. Those 
disturbs can affect the user experience. Moreover, because the lack of 

                                                 
3 Formerly Watson Conversation: https://www.ibm.com/watson/ai-assistant 
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time pressure in speak and finalize the answer in one shot, dummy users 
would rather start by texting then using voice at beginning. Therefore, 
both voice and text might be considered to study the efficiency of the 
chatbot applied to this context.  

The aim is to assist users to learn how to deal with certain scenarios in 
security service. In the case of the voice and text approach, the idea is 
that voice is the main input and the text is an alternative channel to the 
user. 

Despite the voice and text inputs, the core of the chatbot shares the 
same dialogue tree. In a dialogue tree an answer has to be given to 
progress from one node to another. According to the user's input and 
the conditions of the node, the next node is determined. Figure 1 is an 
example of a dialogue tree. 

At each round of the conversation, there are 3 types of response: a 
correct response, a partially correct response and an incorrect response. 
An incorrect response will redirect to a node that gives the right answer 
for that round of interaction. This prevents the user from restarting the 
entire use case due to one mistake. In addition, the node redirects back 
to itself which forces the user to fill in the right answer before 
continuing. For every partially correct answer, there is a separate branch 
in the dialogue tree which eventually reaches the final node. This branch 
would lead down to a separate final node. This would be very time 
consuming as there are partially correct answers at almost every step. 
For the clarity of the experiment, the complete list of necessary steps at 
the end of every use case is provided. The users are instructed to check if 
they take every right step and self-monitor the learning progress. 
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FIGURE 1. DIALOG TREE OF USE CASE 1 

The system runs on an on-line platform. The interaction with the chatbot 
is in Dutch. Appendix B contains a sample use case provided by the 
company. Figure 2 depicts an example of a conversation. 
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To reduce misunderstanding and improve the usability of the system, 
two instruction web-pages were created with a brief introduction to the 
experiment. Each version starts with an introduction video per version of 
the chatbot was embedded to explain the details of the experiment 
respectively. Further down the web-pages are the links to the chatbot 
and the corresponding use cases. More details of the web-page and 
chatbot can be found in Appendix A. The next section provides more 
details about the implementation and the experimental setup. 

 

FIGURE 2. EXAMPLE INTERACTION WITH THE CHATBOT 

9.4 Research Method 
The chatbots have been evaluated in a pilot experiment that consisted of 
two parts, to which we will refer as separate experiments for practical 
reasons. In Experiment 1, the objective learning effect of both variants of 
the chatbot were evaluated. This was done by comparing the skills of a 
group of users who practiced with the combined (voice and text-based) 
chatbot with a group of users who used the text-based chatbot 
(Experiment 1A), as well as with a control group, which are users who did 
not use any chatbot (Experiment 1B). In Experiment 2, a survey was used 
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to measure the subjective acceptance of people who worked with the 
chatbot. The design of both experiments is described below. Together 
with a description is provided of the material that was used for both 
experiments. 

9.4.1 Material 

The use cases selected for our study have been inspired by the material 
that the users need to study for their final exam. In total, 36 use cases 
have been provided by the company. These use cases have some similar 
steps in their structure. At the same time, diverse use cases were chosen 
that treat different events. For instance, two use cases cover attempted 
arson, another covers the case with a person trapped in the elevator, 
while another covers the event of an incorrectly parked car. This was 
done to show the participants that, across a variety of circumstances, 
similar steps have to be undertaken to reach the desired result. 
Nevertheless, the users do not have any guarantee that the same use 
cases will be used for training as for their final exam.  

To pass the practical exam, users have to be familiar with some general 
protocols that are reflected in many use cases. Some of these protocols 
can be applied in many different events. For example, some use cases 
expect the same actions at the beginning with the user saying: 'Security 
to Central Post, I am starting my round'. Another example is that, when 
speaking about an unknown person or object, one should always 
describe the primary and secondary features (e.g., `the red BMW 
convertible with license plate AB-CD-12'). 

9.4.2 Experiment 1 

As mentioned above, Experiment 1 (see Figure 3) consisted of two sub-
experiments, called Experiment 1A and 1B. The aim of Experiment 1A 
was to compare the differences in the learning effect between the two 
variants of the chatbot. The aim of Experiment 1B was explore the 
difference between learning with and without chatbots.  In total 10 users 
participated in the experiment, among which 6 were male and 4 were 
female. The free-speech version was randomly assigned to 5 participants 
and the text-based version to the other 5 participants, of which one 
participant dropped out. First, the participants were provided with the 
learning material, which they could study by themselves before hand for 
a week. After that, they attended a lesson day (including a practice 
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exam) given by the company. On that day, they were informed about 
what to expect during the exam and what are the potential pitfalls. Also, 
some use cases were practiced by role playing with a colleague. After the 
lesson day, all participants were asked to practice by interacting with 
(either the combined or the text-based version of) the chatbot every day 
for 30 minutes for a period of 5 to 7 days. After that, they took a 
practical exam with real actors. This practical exam took place at the 
exam centre in Amersfoort. To pass the exam, the users was presented 
with three use cases in which (s)he was expected to act accordingly to 
the steps. A third person was assessing and grading the trainee based on 
a checklist. 

 

FIGURE 3. DESIGN OF EXPERIMENT 1A 

To test the hypothesis that learning with the combined chatbot leads is 
more effective than learning with the text-based chatbot, the average 
grades of the two groups were compared. Since the power of the 
analysis is very low (n=9), no statistical test could be applied. 

As a follow-up (Experiment 1B), we were interested in the question 
whether learning with (any of the two versions of) our chatbot is equally 
effective (or perhaps more effective) compared to the traditional form of 
learning. To this end, the grades of the 9 participants of Experiment 1B 
were compared to the grades of a baseline group of 29 candidates who 
took the exam after learning the material from a book instead of an 
interactive chatbot. Among these 29 candidates, 20 were male and 9 
were female. The grades of these candidates were collected in the 
period between January 1st and May 31st, 2018. To test the hypothesis 
that the performance of both groups is the same, an unpaired t-test was 
applied. Hence, the independent variable of this analysis was the applied 
method of interactive learning and the dependent variable the average 
grade of the examinees. 
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9.4.3 Experiment 2 

To obtain more qualitative results about people's opinion on the chatbot 
as a training intervention, 29 users were asked to fill in a questionnaire 
about their experience with the chatbot. This group consisted of the 9 
participants from Experiment 1A and 20 additional participants who have 
passed the exam. These 20 employees were asked to interact with the 
combined version of the chatbot for a week before filling in the 
questionnaire. Among these 20 employees, 13 were male and 7 were 
female.  The questionnaire contained a number of questions using a 5-
point Likert scale as well as some open questions asking for the 
participants' opinion about their understanding of the use cases and the 
added value or downside of using chatbots for social skills training.  See 
Appendix C for more details. 

Figure 4 summarizes the experiments. In Experiment 1, nine users were 
divided into two groups: five of them using the combined voice+text 
chatbot and four of them using the text-based chatbot. After comparing 
their grades with each other, their grades were also compared with the 
grades of a baseline group formed by 29 candidates that did not use the 
chatbot. For Experiment 2, another group of 20 employees that already 
have took the exam in the past was asked to use the voice+text-based 
chatbot and fill in a survey. The same survey was filled in by the group of 
9 users from the first experiment, and the answers of both groups were 
analysed. 

 

FIGURE 4. OVERVIEW OF THE ENTIRE EXPERIMENTS 
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9.5 Results 

The results of Experiment 1A are shown in Figure 5. As can be visually 
observed in the figure, there is not much difference in the grades across 
the two groups: the users who used the text-based system (mean grade 
5.4) performed very similar as the users who used the combined system 
(mean grade 5.2). Due to the low power of this experiment, no statistical 
analysis was conducted. 

 

FIGURE 5. EXPERIMENT 1A: EXAM GRADES OF USERS WHO USED THE CHATBOT SYSTEM 

For Experiment 1B, the grades of Experiment 1A were taken together, 
and were compared to the grades of a group who learned for the exam 
via traditional means (i.e., from a textbook). The results for this group are 
shown in Figure 6. As can be seen, the results are similar to the results of 
the users who used the chatbot. Both populations have a low frequency 
in the grades 5 and 6, and a higher frequency in the grades 3, 4, 7 and 8. 

 

FIGURE 6. EXPERIMENT 1B: EXAM GRADES OF USERS WHO DID NOT USE THE CHATBOT SYSTEM 
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To test if there is indeed no statistical difference in average score 
between the two populations, a two-sided t-test with unequal variances 
was applied. The significance level is set to α=0.05 with 14 degrees of 
freedom. This test pointed out that first group (mean score 5.33) did not 
obtain a statistically different grade from the second group (mean score 
5.96) (p = 0.45). 

In addition, the aim of Experiment 2 was to obtain some qualitative 
results about the users' opinion about the chatbot. The main results (for 
a selection of relevant questions) are reported in Table I. 

TABLE I. EXPERIMENT 2: RESULTS OF THE SURVEY FOR QUESTIONS 6, 7, 8 AND 11 

Question  Totally 
disagree  

Disagree  Neutral  Agree  Totally 
agree  

Q.6. There was enough variation 
in use cases  

0%  5%  10%  80%  5%  

Q.7. Training with the chat bot is 
a useful addition for studying for 
the practical exam  

0%  0%  5%  65%  30%  

Q.8. By training with the chatbot 
I perceived studying for the 
practical exam as less boring  

0%  0%  5%  75%  20%  

Q.11. I wouldn’t mind to keep 
training with an extended 
version of the chatbot in the 
future  

0%  5%  40%  35%  20%  

Question 6 aimed to find out if the system has enough variation on the 
use cases as the system covers different use cases for an effective 
training process. The results in Table I are very positive signalling that 
85% of the participants agrees with this statement. In other words, it 
indicates that participants thought that the selection of use cases 
covered most of the relevant scenarios. Still, there is room for 
improvement by including more use cases. 

Question 7 aimed to find out if the participants had a positive attitude 
towards using the chatbot. Row 2 of Table I shows that 95% considered 
the chatbot a useful addition for the preparation of the practical exam. 
Only 5% remained neutral. This gives a positive indication that the 
chatbot is a useful addition to the regular course material. 

Question 8 aimed to find out if the participants of the survey had an 
increased motivation for studying for the practical exam. The results in 
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Row 3 of Table I show that again 95% was positive on the statement: 
studying for the practical exam is less boring when having a chatbot. 
Similarly, only 5% remained neutral. 

Finally, Question 11 was designed to find out whether it is interesting for 
the company to continue with the chatbot as an addition to the course 
material. Row 4 of Table I shows that 35% agrees with the statement and 
20% totally agrees. 

When asked about which use cases were more beneficial (Question 4), 
the answers clearly indicated the most complex use cases, with a long 
dialogue. They were considered more challenging, realistic and covering 
several aspects needed in the training. That indicates the advantage of 
using interactive training that move the users to dynamic interactions. 
This fact is confirmed by the answers to Question 5 which asked the 
opposite of Question 4: it inquired about the less useful use cases, i.e. 
the scenarios that helped people less in the learning process. The answer 
again was clear and indicated the shortest and less complex use cases as 
bringing a small contribution to the training process. 

9.6 Discussion 

The primary results of our study indicate that users who prepared for the 
exam with the chatbot system did not obtain different grades than who 
used a traditional text book method. This finding can be interpreted both 
positively and negatively: the bad news is that the chatbot does not lead 
to better scores, but the good news is that it does not lead to worse 
scores either. In addition, the results of the survey seemed to indicate 
that people were positive about the added value of the chatbot system. 
Therefore, it can still be considered as an interesting alternative to 
textbooks, which stimulates people to spend more time on learning. 

Indeed, other studies have already hinted at the potentially positive 
impact of using chatbots {[1], [2], [3] or virtual agents {[8] on 
engagement and learning effect. These papers point out similar 
advantages as were observed in our survey, and during after-session 
discussions with our participants. Most of the users mentioned as 
advantages of using a chatbot that it is less repetitive and more engaging 
than simply reading the use cases. As such, the chatbot system presents 
an interactive environment which enables users to 'learn by doing'. 
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Nevertheless, limitations of the study could be mentioned. Firstly, there 
is no way to assure if the users really practised 30 minutes per day for a 
minimum of 5 days. If this is not the case, the results would be biased. 
Secondly, with a sample size of 9 in the experimental group and 29 in the 
baseline group the experiment was a bit underpowered for adequate 
statistical analysis. With a larger sample size and more strict instructions 
and control the statistical significance would be more meaningful. 
According to Schreiber et al. each group should have at least 10 
participants for the results to draw conclusions about significance [9]. 

Finally, a third possible weakness in the experiment was that the 
document with use cases provided by the company might be outdated. 
The document was drawn up in 2014 and has not been updated since. 
Many of the use cases have been replaced because of change in 
protocols or legislation. This was identified during the training and could 
affect not only the performance with the chatbot but also the traditional 
approach, because the same material was given to the participants of 
the experiment to prepare themselves for the final exam. Moreover, it is 
important to note that not only the system must behave according to the 
expectations, but it also has to be attractive and engaging, otherwise the 
users lose interest. When this happens, a chatbot might lose its 
advantage over traditional tools. This phenomenon could clearly be 
observed in the results of the survey. Some users mentioned that simple 
use cases were not challenging, and some others lost interest after 
practicing the same use case for some time. The time invested in the 
practice period with the chatbot also contributes to the learning effect. 
For this particular aspect, more time and more variability of use cases 
will help to improve the final results. 

To conclude, our study provides also some hints that the system is 
promising to enhance user experience. Although the chatbot did not 
have a significant impact on the average pass rate, it captivates the user 
interest to spend more time studying, as show the survey results. 
Furthermore, it prepares users to deal with the social and time pressures 
of the final exam. To improve the system more use cases could be 
included, and minor characteristics should be refined in future work. One 
example is to extend the library to recognise other constructions of 
sentences that have similar meaning, to ensure that different 
conversation styles will be considered by the chatbot as a correct 
answer. Moreover, further research is needed to better understand the 
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differences between text-based and speech approaches. Although the 
current design does not allow us to draw any conclusions about this, a 
more sophisticated experiment (e.g., using different performance 
indicators) may shed more light on this topic. 
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Appendix A. Online system 

The two versions of our system are available online via the following  

x webpages: – text: http://vesci.labs.vu.nl/steinabacus 

x Speech and text: http://vesci.labs.vu.nl/steinvox/ 

Both webpages contain an introduction with instructional video, 
followed by links to the ten use cases.  

Appendix B. Example of a plain text use case  

Case: Arson in the fusebox. 

Instruction: You are surveillance at PEC BV. and you are walking a full 
round.  

1. Tell the central post that you are starting your full round.  

2. The door of a technical room is open and you hear screaming.  

3. When you go and look, you encounter a woman that is trying to 
light a fire  

4. in a dust bin.  

5. Tell the woman to stop immediately and arrest her on suspicion 
of Arson.  

6. Confiscate the lighter.  

7. Ask the Central post if they can call the police.  

8. Hand over the woman to the police that has been arrived.  

9. Hand over the lighter as evidence.  

10. Ask the names of the agents and to which bureau they are taking 
the suspect.  

11. Speak about ’the suspect’ and not ’the woman’.  

12. Draw up specific report.  
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13. Tell the central post that everything has been resolved and that 
you are  

14. continuing with your round.  

Appendix C. Survey Questions 

1. Which version of the chatbot have you been using?  

–Speech + text input 
–text input  

2. How long did you practice with the chatbot each day?  

– under 10 minutes 
– 10 to 20 minutes 
– 20 to 30 minutes  
– over 30 minutes 

3. For how many days did you use the chatbot?  

– under 5 days – 5 days 
– 6 days 
– 7 days 
– over 7 days  

4. Which use case did you find most useful and provided the best 
training? (multiple answers possible)  

– 1. Arson in the fuse box – 2. Broken elevator 
– ... 
– 10. Mover  

5. Which use case did you find least useful and provided the least 
best training? (multiple answers possible)  

– 1. Arson in the fuse box – 2. Broken elevator 
– ... 
– 10. Mover  

6. There was enough variation in use cases.  

(a) Totally disagree 
(b) Disagree 
(c) Neutral  
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(d) Agree 
(e) Totally agree 

7. I believe practicing with the chatbot is a useful addition to the 
regular course material. 
(a) Totally disagree  
(b) Disagree  
(c) Neutral  
(d) Agree 
(e) Totally agree 

8. By training with the chatbot I perceived studying for the practical 
exam as less boring. 
(a) Totally disagree  
(b) Disagree  
(c) Neutral  
(d) Agree 
(e) Totally agree 

9. What could have been done better regarding the design of the 
chatbot?  

10. What difficulties did you encounter practicing with the chatbot? 

11. In the future I would not mind continuing to train with an 
extended version of the chatbot. 
(a) Totally disagree 
(b) Disagree  
(c) Neutral  
(d) Agree 
(e) Totally agree  

12. What is your name? 
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CHAPTER 10: Implementing an Agent-Based Training for 

Verbal Resilience for High-Risk Doorstep Scam Victims 1 2 

Abstract. People are frequently confronted with scams; swindlers trying to gain your 
trust to get hold of your personal information, money or belongings. Elderly people are 
especially vulnerable to these tricks, that typically occur at the front door, street or on 
the phone. We have developed a virtual training environment to teach people how to 
handle these situations and learn them to increase their verbal resilience. The training is 
implemented as a tablet application and consists of six scenarios that are likely to occur 
in daily life. Participants are placed in a dialogue with a virtual character and may 
interact by choosing an answer from a fixed multiple-choice menu or by speaking the 
answer aloud. A speech recognition module is able to detect the level of assertiveness 
and provides immediate feedback to the user’s performance. In this paper, we present 
the implementation of the virtual training application. To evaluate the prototype a focus 
group was organized, consisting of potential end users. The outcomes were mainly 
positive, and the provided feedback will be incorporated into the final version. 

  

                                                 
1 This chapter has been published as: 

van der Lubbe, L. M., Gerritsen, C., Formolo, D., Otte, M., Bosse, T. (2018). A 
Serious Game for Training Verbal Resilience to Doorstep Scams.  In: Gentile M., 
Allegra M., Söbke H. (eds) Games and Learning Alliance. GALA 2018. Lecture 
Notes in Computer Science, vol 11385. Springer, Cham, 110–120. 

2 Parts of this chapter have been published as: 
van der Lubbe, L. M., Gerritsen, C., Formolo, D., Otte, M., Bosse, T. (2018). An 

application for training verbal resilience to doorstep scams using virtual agents. In 
Atzmueller, M.; Duivesteijn, W.(ed.), BNAIC’18: Proceedings of the 30th Benelux 
Conference on Artificial Intelligence, 125–126. (BEST APPLICATION AWARD). 
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10.1 Introduction 
When a con artist tells you a convincing, but fraudulent, story in order to 
enter your house and/or rob you this is called a doorstep scam. Doorstep 
scams frequently happen, numerous news reports about different stories 
exist. Since doorstep scams often have a high (emotional) impact, various 
campaigns try to educate people on this topic in order to prevent 
doorstep scams from happening (e.g. ‘Spot it, Stop it’3). Such campaigns 
focus at behavioural aspects of the prevention of doorstep scams. 
Doorstep scams are acknowledged by the Dutch ministry of Safety and 
Justice as high impact crime. Because of this, and because existing 
campaigns are not effective, they funded research towards a virtual 
doorstep scam resilience training. This research is executed in 
collaboration with a large Dutch elderly organization called KBO-PCOB4. 
In a previous paper [1], we described the design of an agent-based 
learning environment for high-risk doorstep scam victims in the form of a 
tablet application. That paper describes how a virtual training can be 
used to improve people their verbal resilience in order to prevent 
doorstep scams from having negative outcomes. The target group for 
this virtual training is high-risk victims, for doorstep scams these are 
elderly people. A training with virtual agents offers multiple advantages, 
among which are the low costs and the repeatability, comparing it to 
training with actors. This has already been shown in research in other 
domains [2], [3]. 

The current paper describes the implementation of the virtual training 
and is organized as follows: First, an overview of related work is given, 
followed by a detailed description of the different aspects of the 
implementation. A first evaluation of the prototype is described in 
Section 10.6. The paper ends with the conclusion and discussion.  

10.2 Related Work 
Doorstep scams are convincing, but fraudulent, stories, told by a con 
artist, happening mostly at the doorstep, on the street or on the phone. 
The goal of a doorstep scam is often to rob the victim or to get sensitive 
information from the victim. The content of doorstep scams is studied in 

                                                 
3 www.ageuk.org.uk/information-advice/money-legal/scams-fraud/doorstep-scams/  
4 www.kbo-pcob.nl  
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[1]. Based on field research a list of frequently doorstep scam stories was 
created, which lies at the basis of the created scenarios. From all the 
discussed scenarios, the six most encountered scenarios were chosen for 
the application. Two scenarios take place at the front door, two 
scenarios take place on the street, and two scenarios take place on the 
phone. The scenarios are described in more detail in [1]. 

Phishing is comparable to doorstep scams because in both scams social 
engineering skills are used. Social engineering means that psychological 
manipulation is used to make people perform certain actions or disclose 
certain information5. For phishing these techniques are used in order to 
obtain sensitive information for fraudulent purposes, often via e-mail(s)6. 
Multiple interventions exist to educate people about phishing. One such 
example, which is comparable to the type of training described in this 
paper, is Phishing Phil[4]. Phishing Phil is an online game to teach good 
habits to avoid phishing attacks. Users are learned to look for fraudulent 
URLs, cues on websites and a safe use of search engines. 

A specific skill that is beneficial for the resilience against doorstep scams 
is assertiveness: behaving confident and daring to say what you think or 
believe7. Various interventions exist to improve people`s assertiveness. 
Increasing the refusal of an unreasonable request can be done by verbal 
modelling and therapist coaching [5]. Being able to refuse such a request 
is an important skill for doorstep scams. Refusing can be done in various 
ways, among which are simply saying no, but also refusing by changing 
the subject [6]. Both the different verbal strategies that can be used as 
well as the need to be assertive while refusing, need to be present in a 
prevention program in order to learn students to resist indirect and 
direct pressures to engage in negative behaviours [7]. It is important that 
the verbal strategies are practiced in specific situations, although 
nonverbal assertive skills can be used for different situations [6]. 

Being assertive is also reflected in the way someone speaks, which will 
also be addressed in the application that is build. For example speaking 
firmly or authoritative [8] or the medium latency of the response [9] are 
associated with an assertive way to use your voice. 

                                                 
5 Definition based on: en.wikipedia.org/wiki/Social_engineering_(security) 
6 Definition based on: en.wikipedia.org/wiki/Phishing 
7 Definition: dictionary. cambridge.org/dictionary/english/assertive 
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However, no comparable interventions for elderly people have been 
found to improve their resilience against (doorstep) scams. Serious 
games for elderly are often exergames, games in which the player has to 
perform some sort of physical activity. These games promote active 
aging or aim to help people with physical problems. Exergames often 
address the problem of balance or postural control, for example by 
serious games using the Nintendo Wii Fit, together with the Balance 
Board (e.g. [10]) or using the Xbox Kinect (such as [11]).  

Besides exergames, there are serious games for elderly people that help 
to improve their cognitive abilities, via brain training games such as 
Smart Thinker [12]. Other serious games for elderly aim to promote 
social activities, for example SilverGame [13]. In the current application 
we combine the scam training and assertiveness gaming in a serious 
game that fits an elderly target group.  

10.3 Implementation 
The application is developed using the game-engine Unity8. The three 
dimensional environment, which is described in more detail in Section 
10.3.3, as well as the user interface are created in Unity. In order to 
program the application various C# scripts are written.  

The application starts with a main menu with four different options: 
scenarios, scores, explanation, and credits. On the scores pages the 
player can find its top ten scores and the average number of stars 
received for each scenario. It is also possible to reset all the scores. How 
the scores are calculated is described in Section 10.4.The scenarios, both 
their content as their functioning, are described in Section 10.3.1. 

10.3.1 Scenarios 

The player can choose from six scenarios described in [1], these are 
played from a first person perspective. The gender of the avatar is 
chosen randomly by the application. Besides this, the player can choose 
to use the speech analysis or not, in order to train the assertiveness of 
his/her voice. The speech analysis is only available when playing with a 
network connection and is, if connected, by default turned on. The 
speech analysis is further explained in Section 10.5. 

                                                 
8 www.unity3d.com/  
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FIGURE 1. FLOWCHART OF THE APPLICATION WHEN PLAYING A SCENARIO 

Figure 1 shows the flow of the application when playing a scenario. First, 
the scenario is set up: the camera is moved to the right location in the 
environment, and the gender of the avatar and/or voice are randomly 
chosen. When the scenario needs an avatar, this avatar is activated. 
Finally, the intro animation is played. For each type of scenario (door, 
street or phone) another intro is used. In the case of the door scenario 
the doorbell is rang, the door is opened, and the camera moves a bit 
forward. For the street scenarios the camera and an animated dog, 
placed close to the camera to represent the players dog, move towards 
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the avatar. In case of the phone scenarios a ring tone is played after 
which the screen of the phone placed in the environment changes, 
representing an incoming call. 

The scenario always starts with the virtual opponent, the speech is 
played together with face and body animations (if needed). After the 
turn of the virtual opponent the player generally has four possible 
responses to choose from, one of these responses is to repeat the last 
turn (this response is only available if the virtual opponent has said 
something in the previous turn). This response is added to accommodate 
the target user group. The other responses influence the progress of the 
scenario.  

Figure 2 shows a screenshot of the application when the player has 
reached a choice moment, during the energy scenario at the door. At the 
bottom of the screen the four possible reactions are visible, the bottom 
one is the repeat option, the other three options are randomly ordered. 
In the upper right corner, the gauge for the speech analysis, showing the 
players last speech analysis score. 

 

FIGURE 2. SCREENSHOT OF A CHOICE MOMENT IN THE APPLICATION 

The scenarios can be represented in flowcharts, Figure 3 shows a 
flowchart of scenario. The blue rectangles show the avatar's dialogue, 
the red rectangle shows a negative end state with the dialogue of the 
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avatar. The rounded rectangles show the possible reactions of the 
player, the colour of the rectangle represents the rating of the response. 
For some reactions of the player there are two outgoing arrows with 
conditions. These conditions are used by the speech analysis and indicate 
what the influence of the assertiveness of the players voice is on the 
progress of the scenario. 

 

FIGURE 3. PART OF A (TRANSLATED) FLOWCHART OF A SCENARIO 

When the speech analysis module is turned on, a few more steps are 
taken before continuing with the scenario9. Right after choosing a 
response (other than the repeat option) all the other responses 
disappear and a countdown is shown, after which the recording 
automatically starts. The player is instructed by the game to read its 
response aloud. The recording automatically stops after a certain time of 
silence. The reaction of the virtual opponent in the next turn is 
determined by the response the player made and the score of the 
speech analysis (more on this in Section 10.5. If the reaction of the virtual 
opponent is not an end dialogue, the player will again be able to choose 
from different reactions. If an end dialogue is played the out of the 
scenario is played after that dialogue. This can either be closing the door 

                                                 
9 Note: sometimes a response is an action instead of a verbal response, in these cases the 
speech analysis step is always skipped. 
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(door scenarios), walking away (street scenarios), or a hung up sound 
(phone scenario). 

When the scenario has ended the player is asked whether or not he/she 
would call the emergency number in such a situation, the rationale 
behind this is described in [1]. After this the player will receive feedback 
on its choices and see its score. This feedback is divided in three 
categories: general feedback, extended feedback and tips. For all 
feedback an read aloud option is available. Section 10.4 discusses how 
the feedback and score are established. 

10.3.2 Programming the scenarios 

The flow of the application is programmed in a general way, so that it is 
easy to add or change the content of the scenarios. The scenario specific 
content (avatars, dialogues, responses, tips, and feedback) are therefore 
stored in a database. By linking the code to the database, the specific 
content is shown within the application. An overview of all the databases 
and the data stored in these databases can be found in Table 1. 

10.3.3 Virtual avatars and environment 

For the four scenarios at the doorstep and the street, a male and female 
avatar are created, resulting in a set of eight different avatars for this 
application. For the two scenarios at the front door the company 
uniform of two Dutch companies is manually recreated. For the 
scenarios on the street modern clothes are chosen for the avatars. 

In order to animate the avatars iClone 10is used. For the body animations, 
both default animations and manually created animations are used. For 
the face animations, Facial Motion Capture11 software, with a plug-in for 
iClone, is used. During two recording session a male and a female actor 
their face expressions were recorded while also recording the voice for 
the different dialogues. Their voices are also used for the scenarios that 
are not using a virtual agent (phone scenarios). After the recording the 
facial animations, some further editing was needed in order to improve 
the animations.  

                                                 
10 www.reallusion.com/iclone/  
11 www.facewaretech.com  
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The virtual avatars, including their body and facial animations are 
exported to Unity and added to the three-dimensional environment. For 
the implementation of the scenarios, a three-dimensional environment 
featuring a small part of a residential area and a partly decorated house 
is created in Unity, using various assets from the Unity Asset Store12. 

TABLE 1. OVERVIEW OF ALL USED DATABASES 

Database  Description  
Avatar  This database contains the names of all the available avatars and links 

them to the right scene8 and scenario number.  
Dialogue  This database contains all the turns of the virtual opponent. Storing: 

- Scene number, scenario number and the dialogue ID 
- Text of the dialogue 
- The tip variable IDs that is turned false in this dialogue (if applicable, 
more details on this in Section 10.4  

- The type of end state (if applicable) 
- The body animation of the virtual avatar (if applicable)  

Responses  This database contains the responses that are linked to the dialogues. 
Storing the following: 
- Scene number, scenario number and the ID of the dialogue that the 
response is corresponding with  

- Text of the response 
- The ID of the default next dialogue 
- The threshold for the speech analysis score (if applicable) 
- The ID of the next dialogue when the speech analysis score is below the 
defined threshold, and the ID of the next dialogue when the score is above 
the threshold (if applicable) 
- The action (animation) linked to the response (if applicable) 
- The type of response (2=good, 1=average, 0=bad) 
- A boolean indicating if there is speech analysis for this response 
(default=true)  

Tip  This database contains the tip variable IDs (corresponding with the dia- 
logue table), their name and text.  

Feedback  This database contains the different types of outcomes. The IDs 
correspond with the type of end state defined in the dialogue table. 
Furthermore, it contains the name and the feedback text of the outcomes.  

                                                 
12 https://assetstore.unity.com  
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10.4 Feedback and Score 
After each scenario the player receives feedback. The general feedback, 
shown by default, tells the player whether or not he/she has become a 
victim of a doorstep scam. This feedback is therefore depending on the 
type of the end state of the scenario, which is stored in the feedback 
database (see Table 1). Furthermore, the general feedback encourages 
the player to further explore the other feedback. 

The extended feedback includes a paragraph that is specific for the 
scenario. It is therefore independent of the outcome reached by the 
player. Furthermore, the extended feedback includes feedback on the 
choice the player made for the call question. There are three different 
feedback texts available for this. The first is for players who chose to call 
the emergency number, the second is for people who did not chose to 
call the emergency number but did have a negative outcome, the last is 
for people who did not call the emergency number but did also not 
became a victim in the scenario.  

The most tailored feedback are the tips. In each scenario a number of 
variables are defined, who are by default true. If a specific dialogue that 
is linked (which is stored in the dialogue database) to a variable is played 
during the scenario, this variable is set to false. For the variables that are 
still true at the end of the scenario a tip is given to the player. The tips 
are in such an order that they follow the progress of the scenario. For 
example, there is a variable about asking the identification, this is linked 
to the dialogue where the virtual opponent shows its identification. If 
this dialogue is not played during the scenario (so the variable is still true 
and not set to false), the player receives feedback about this afterwards. 

Besides feedback the player also receives a score at the end of each 
scenario. The higher the score of the player, the better the performance 
during the training was. The score is calculated as the average of: 

x The average score for the choices: for each choice made in the 
scenario the player receives a 0, 5, or 10 points, depending on 
how assertive (and therefore good) the choice is.  

x The average score for the voice multiplied by 10: this is the 
average of all scores from the speech analysis, which are all 
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scores between 0 and 1. This score is only calculated if the 
speech analysis was active during a scenario. 

x A score for the result of the scenario, which can either be 0, 5, 7 
or 10 points depending on how good the result was.  

Finally, this average is multiplied by 10, an additional number of 5 points 
is assigned if the player decided to call the emergency number at the end 
of the scenario. The maximal score a player can receive is therefore 105.  

Next to a score a player also gets a number of stars (0-5) for a scenario. A 
player will receive one star if he/she earned more than 11 points during 
the game, two stars for more than 33 points, three stars for more than 
55 points, four stars for more than 77 points, and the maximal number of 
five stars is achieved when more than 100 points are earned during the 
game.  

10.5 Speech Analysis 
The speech analysis module considers the Interpersonal Stances theory. 
This concept stems from social psychology, and can be defined as ’the 
ways in which speakers and writers linguistically demonstrate their 
commitment to or attitudes about a person or proposition’ [14]. The 
module classifies the speech in 2 types of attitudes: Dominant, normally 
referred as (Above) and Submissive (Below).  

A modified version of the openSmile13 toolkit extracts the voice features, 
while an SVM algorithm classifies the extracted features into the 
categories. The SVM model was built using 4-fold cross validation over a 
dataset with 681 sentences of 4 people instructed in how to act into 
both categories. Details about the algorithm and the SVM tuning are 
described in [15]. The final accuracy of the module is 86.56%.  

The recorded voice of the player is analysed by the algorithm. The 
application detects silence to determine when the recording ends. The 
ambient noise is measured while people are using the application. 
Silence is defined as a period of 3 seconds in which the volume is 
maximal 20 decibels above the ambient noise volume. The recording 

                                                 
13 https://audeering.com/technology/opensmile  
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stops after 10 seconds or if silence is detected. The module runs on a 
server, it receives the user`s voice and returns the classification status. In 
case of communication failure, the client application ignores the voice 
information and continues the dialogue without the speech analysis. The 
output of the module is the confidence percentage between the 2 
categories. The application uses those values in the dialogue tree as 
described in Section 10.3.1. 

10.6 Prototype Evaluation  
To obtain feedback from potential end users on the prototype, we 
organized a focus group at KBO-PCOB in Utrecht. This focus group 
consisted of five security advisors voluntarily working for KBO-PCOB. All 
participants belong to the group of potential end users, namely elderly. 
Two of the participants were female and three were male. 

The focus group started with general instructions about the application. 
We explained how to start the application, introduced the different 
scenarios, and told the participants how to use the speech analysis 
module. After the instructions, all participants were provided a private 
practice space and a tablet. They each had 30 minutes to test the 
application and try different options. After this, we had a group 
discussion about their findings. 

The participants all responded positively about the application. They 
believed it is a nice addition to existing education on safety for elderly. 
They recognized the scenarios as being most common to experience in 
daily life. They especially saw added value of the application for group 
meetings in which elderly can work together on the application and 
afterwards discuss this with the group. They had some minor comments 
as well. For instance, they would like to see a progress bar in the 
scenarios with speech analysis, so they know how much time they have 
left for recording their voice. Within those scenarios, they also wanted 
the time the system takes to detect the end of their spoken input to be 
shorter. Additionally, they would like to be able to go back within a 
scenario, to alter their answers, and to go back to the tips/feedback 
menu when clicking a scenario in the score screen. Finally, they would 
like to see more scenarios and they preferred lighter colours. Based on 
these suggestions, we are currently working on improving the 
application. 
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10.7 Discussion and Conclusion 
In this paper, the implementation of a virtual training environment was 
presented. The training is specifically developed for elderly in order to 
teach them how to deal with scams. Elderly form a high-risk 
demographic group, and are relatively often confronted with scams, 
either on the phone, the street or at the front door. The training allows 
them to practice different scenarios on a tablet. Within the scenarios, 
the trainee is confronted with a virtual scam artist trying to convince the 
trainee to either pay money, provide personal information or let him/her 
inside the house. The trainee can interact with the virtual agent by 
choosing an option from the fixed multiple-choice menu and by either 
clicking on this answer or speaking the answer aloud. In the latter case, 
the speech recognition module is able to detect the level of assertiveness 
in the recorded voice, providing real-time feedback. Next to this, the 
trainees receive their score and feedback on their performance including 
tips at the end of a scenario and they can view the top ten scores and the 
average numbers of earned stars on a score page. 

To evaluate the prototype, we organized a focus group with potential 
end users. They reacted positive to the developed environment. They 
especially saw the added value in the possibility to train scenarios in 
larger settings in which they can guide other users. 
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CHAPTER 11: Interpersonal Stances in Voice: Training with 

Computers, Acting with People 

Abstract. This work presents a simulation-based training application to enhance people’s 
ability to express interpersonal stance using their voice. The results show that the 
application helps people to learn the principles of Leary’s interpersonal stance theory, 
and distinguish between the eight basic stances. Nevertheless, it remains difficult for 
people to express them without mixing the categories. Although the increase was small, 
the training application improved the users’ performance in expressing interpersonal 
stance in their voices after three days of training. The results also indicate that one of the 
main barriers of the learning process is that people need time to incorporate or refine 
interpersonal stances. 
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11.1 Introduction 

We live in an interconnected world where people are in constant contact 
with each other. Consequently, the communication style we assume in 
front of others is relevant to build positive bonds and better relations. 
How we show ourselves to others is commonly known as interpersonal 
stance. Moreover, the style adopted in each situation has an impact on 
the behaviour and stances of others [1]. There are many definitions of 
interpersonal stance. According to [2], most of them refer to social 
components, self-interest and emotional aspects.  

It is not totally clear how people react to others’ attitudes. Nevertheless, 
an influential theory that was initially proposed by Timothy Leary defines 
eight basic ‘stances’ that can be performed by humans as well as the 
interpersonal dynamics associated with those eight basic stances [3]. 
Knowing how we react to each basic stance is useful to improve our 
relations in our social life and at work. 

An example applied to work is related to employee-client interactions. 
Typically, the behaviour of staff members can have a big positive or 
negative impact on others. Hence, the outcome of such interactions 
depends on how well the employees master interpersonal 
communication [4]. Another example is described in [5], where Leary’s 
theory about interpersonal stances is used to train policemen to 
interrogate suspects better. 

Using computers to teach people to gain a better understanding of and 
perform interpersonal stances is a valuable tool to enhance human 
relations. It can also improve the effectiveness of staff’s intervention in 
safety-critical circumstances. This work presents a simulation-based 
training application that aims to improve people’s awareness of how to 
communicate interpersonal stances through voice signals. It explores 
how people understand and use the basic interpersonal stances defined 
by Leary through an experiment that measures users’ performance 
during three days of training. Section 11.2 introduces the basic concepts 
of Leary’s theory and presents other works related to training and 
inference of interpersonal stances. Section 11.3 presents the system. In 
Section 11.4 the experiment is described, while Section 11.5 presents the 
results and Section 11.6 discusses the results and future works. 
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11.2 Literature Review 

Although it is a theory, Leary’s interpersonal stances [3] theory is widely 
accepted and used in training processes. The theory states that the 
behaviour of humans during interpersonal communication can be 
represented according to a two-dimensional circumplex, as shown inthe 
right side of Figure 1. The circumplex is defined by the dimensions 
affiliation (positive versus hostile or ‘together versus opposed’) and 
control (dominant versus submissive or ‘above versus below’). It can be 
divided into discrete categories in several ways: into two halves (above-
below or opposed-together), four quadrants or eight octants 
(Cooperative, Dependent, Withdrawn, Defiant, Aggressive, Competitive, 
Leading, Helping).  

When interacting with another person, a person’s behaviour is assumed 
to be represented by a point in the circumplex. For instance, above 
behaviour is typically associated with a dominant attitude in which the 
individual takes the initiative. Moreover, the theory states that the 
stance taken by someone influences the stance taken by the 
interlocutor. For instance, if a person shows above behaviour, the other 
person tends to adopt a submissive stance (and vice versa). Conversely, 
the stance taken according to the horizontal axis triggers the same 
stance: together behaviour triggers together behaviour, and opposed 
behaviour triggers opposed behaviour [6]. A similar trend occurs in the 
eight basic categories, for example, if a person shows a Leading stance, 
the partner tends to take a Dependent stance. Since the creation of 
Leary’s Interpersonal Stances theory, it has been refined [6] and applied 
to several modalities, such as spoken and written content and non-verbal 
communication such as facial expressions, body gestures and voice 
signals. For all modalities, the categories and their relations are the 
same.  

Due to its importance in improving human relations in families and at 
work, a number of authors have developed systems to automatically 
recognise the interpersonal stance (often operationalised via the 
Interpersonal Circumplex). Chollet et al. [7] developed a multilayer 
framework that combines various multi-modal signals such as  gaze, 
head orientation, facial expression, dialogue sequences and a 
computational model, to infer interpersonal stance. Although the system 
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covers many modalities, voice is only addressed in a limited sense (i.e. 
the system uses the moment in which the user is speaking rather than 
specific features of the voice).  

In [8], certain nonverbal signals, in particular, body posture, gestures and 
facial expressions, are inputs to measure interpersonal stances, with the 
aim of using this in the context of a police interrogation training game. 
The results show that professional actors are better at acting the 
different stances than non-actors. Furthermore, the authors found that, 
in general, it is very difficult to act a stance and that observers often 
disagree about which stance is acted. In linguistics, researchers have 
explored interpersonal stances in written and spoken interactions.  

Ranganath et al. [9] developed a system to detect interpersonal stances 
in prosody using four classes: flirtatious, friendly, awkward, and 
assertive. They used prosodic, lexical and dialogue features of non-acted 
prosody fragments. Several analyses were applied, including gender 
performance, comparison of lexical and prosodic features and a 
combination of them. Support vector machines (SVM) and logistic 
regression were used to classify the samples into categories. The system 
achieved up to 59% accuracy when classifying the stance of new 
speakers (where the baseline was 48%).  

Similar to Ranganath et al.’s work, we used SVM to classify stances on 
voice signals. In [10], the algorithm successfully classified samples into 
two categories (above-below). In [11], we extended this to eight 
categories. The results of a general model were not good enough for 
practical applications; however, individual models achieved an average 
accuracy of 81%.Based on the results of [10], [11], a game to enhance 
interpersonal skills of elderly was created, with the specific goal of 
training them how to prevent doorstep scams. It uses the same approach 
of classifying the user’s voice into Dominant and Submissive attitudes 
(above-below stances) in combination with serious games mechanisms 
that include several storylines, user feedback and multiple choice menus 
[12]. 

The deLearyous project uses natural language processing to classify 
fragments of text into the various parts of Leary’s Rose [13]. The highest 
accuracy the authors obtained using four quadrants was 48.1% (by using 
an SVM with error-correcting output coding), while for eight octants an 
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accuracy of 31.3% was obtained (using an SVM multiclass algorithm). In a 
more recent work, using unconstrained text, they achieved an accuracy 
of 55% and 42.6% respectively, despite low F-Scores of 38% and 18.5% 
[14]. In [5], the authors analysed turn-taking in conversations among 
policemen and suspects to understand the relation between turn-taking 
and interpersonal stances and then built models of systems and serious 
games that include interpersonal stances on turn-taking in 
conversations. 

Other works focused on developing systems for training people to 
improve their skills in interpersonal stances. In [14], the authors built a 
simulator-training game to teach interpersonal stances by using text 
inputs. Unfortunately, the accuracy of the system is low, which limits the 
training effect of the game. 

Linssen et al. [15] developed a serious game to improve social awareness 
related to Leary’s theory of interpersonal stances. The game provides 
feedback to the users about how the virtual agents interpret the user’s 
stance and what reaction the user sparks in the virtual agent. No clear 
improvement in the users’ interpersonal stance skills was found. The 
authors speculate that the reason for this is that the players were more 
adapted to (unconsciously) translating such situations into knowledge 
without explicitly reflecting on it. 

The current work uses individual voice models to train people in 
understanding Leary’s theory of interpersonal stances. It also focuses on 
promoting awareness about the eight basic categories described in the 
theory. In the next section, the training application is detailed. 

11.3 The System 

The simulation-based training game comprises two parts. The first part is 
the software interface in which the users can record voice samples. The 
software guides the user to record sentences. It indicates which 
sentences have to be spoken and gives some general hints on how to 
perform them.  



248 The System 

Based on the recorded samples, unique voice models of each user are 
generated and used in the software interface. The model is built on a 
server through an automatic process that uses an SVM algorithm. See 
[10] and [11] for more details about the backend server, the algorithm, 
and how the model is generated. 

The second part of the software allows users to play a game in which 
they need to apply Leary’s theory, taking into account the voice styles 
recorded in the first part. Figure 1 shows the software and an example of 
the game. The game represents an interaction between the user (blue 
dot) and a ‘conversation partner’ (green dot), where the goal of the user 
is to move the conversation partner to a target location by effectively 
using Leary’s interpersonal stances theory. 

The software selects a random target stance for each new game. It 
guarantees that after eight games, all stances will have been played. In 
Figure 1, the stance Defiant is the target. The blue dot represents the last 
identified stance performed by the user, while the green dot represents 
the current status of the ‘interlocutor’, which in this case is simulated by 
the computer. The green dot responds in consonance with Leary’s 
interpersonal stances theory. It moves incrementally, according to (1). 

{     
( )    ⁄

     ( )    ⁄   

Equation 1 

where: 

  the a gle betwee  the   a    a d   + ( n/2) 
c=the current coordinates of the blue dot on the circumplex 
cn=coordinates in the circumplex of the accuracy of the new instance played 
a    d  g t  Lea  ’  the    
r=radius of the circumplex 

In summary, with two precise attempts, one can reach the border of the 
circumplex and if it is the right category, one achieves the goal. The goal 
is positioning the computer status (green dot) into the big green circle. 
The user has eight attempts to do that. If the user performs well, in two 
attempts he/she achieves the goal. The left window shows some 
examples of sentences to be spoken and general hints to guide users on 
how to perform each stance. 
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FIGURE 1. SIMULATION-TRAINING SOFTWARE INTERFACE 

After the button (STEP 2- Training) is pressed, the software records the 
user’s voice and sends the fragment to the server. The server is 
responsible for classifying the voice’s stance based on the personal 
model of that specific individual (which was recorded in part 1, and is 
identified by an exclusive hash code). An SVM algorithm running in the 
server classifies the submitted voice fragment and calculates a 
probability score for each category.  

Subsequently, the software computes the new status of the user, in blue, 
and of the computer, in green. The whole communication process 
between the software interface and the server lasts less than five 
seconds. For each interaction, the user receives feedback on his/her own 
stance and the reaction of the computer to it. 

11.4 Methodology 

The aim of the experiment is: 1) to evaluate whether users increase their 
awareness of interpersonal stances; 2) to evaluate whether they are able 
to generate and differentiate the eight basic categories in voice signals 
by improving their style in generating clear utterances for each category; 
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3) to evaluate whether they can improve their knowledge of Leary’s 
interpersonal stances theory by playing the simulator-training game. 

To achieve these aims, 20 English speakers were selected to participate. 
The average age was 28 years with a standard deviation of 8.69; 75% was 
male and 25% female. From this population, 30% were recruited in the 
university and 70% via the crowdsourcing platform prolific1. Four of the 
participants had already used the software several times before the 
experiment. These participants will be called experienced participants. 
Sixteen participants did not have any experience with the software 
before the experiment. These participants will be called non-experienced 
participants. 

Participants were asked to follow the steps described on the website of 
the experiment2 and summarised in Figure 2. First, they watched videos 
that explain the experiment and Leary’s interpersonal stances theory. 
The videos also give general hints about what is expected in each 
category. Moreover, participants have access to examples of voice 
fragments for each category. However, the hints and voice samples only 
guide them, as they are free to perform according to their own style. In 
Phase I, the participants were asked to record 15 sentences per 
category. The software guided them in which sentences should be 
spoken and reminding them about the general hints for each category. 
The task of recording sentences is itself part of the training. 

Then, participants were questioned about their knowledge of Leary’s 
interpersonal stances theory and the eight categories before 
(questionnaire 1) and after (questionnaire 2) the experiment. Table 1 
shows the three main questions presented in questionnaires 1 and 2. All 
these questions require answers in a five-point Likert scale. 

TABLE 1. MAIN QUESTIONS OF QUESTIONNAIRES 1 AND 2 

Questions 
How confident are you in performing each category? 
How clear is the meaning of each category to you? 
How familiar are you with Leary’s interpersonal stances theory? 

                                                           
1 https://prolific.ac/  
2 https://formolo.wixsite.com/is-experiment 
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After that, a personal model of the user’s voice was built in the server. If 
the model did not achieve 70% accuracy, the participant was asked to 
record again the categories that are not clear or mixed with others. This 
process went on until the model achieved 70% accuracy or above. 
Usually, one extra round of recordings was sufficient. In rare cases, a 
second extra round was required. 

With the model created, Phase II started. The participants played for 
three days with the game described in the previous section. Each day, 
the participants played each category once (in random order). For each 
game, the number of attempts to achieve the goal was intentionally fixed 
between a minimum of two, to guarantee that at least the participants 
reproduced the correct stance more than once, and a maximum of eight. 
The limit of eight is to guarantee a sufficient number of attempts to 
reach the goal and at the same time, to not make the game too long, 
preventing demotivation. On average, participants took around two 
minutes to perform eight attempts. At the end of each game, a score of 
the participant’s performance was shown to give feedback to the 
participant. The score is based on the number of attempts to achieve the 
goal. 

After the three days of training, participants completed a second 
questionnaire that inquired about their current knowledge of 
interpersonal stances and their awareness of the eight basic categories. 

 

FIGURE 2. OVERVIEW OF THE PROTOCOL 
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The dependent variables in the study are related to the performance of 
the participants in understanding Leary’s interpersonal stances theory, 
selecting the proper stance according to the status of the game and 
clearly reproducing it. We do not use the number of attempts to 
measure the performance of the participants. Instead, the software 
measures the percentage of hits per game (e.g. in a game completed in 
six attempts with three hits and three misses, this results in a 
performance of 50%). The advantage of this approach is that it avoids 
‘false positives’, when a user still wins a game by acting incorrect 
categories that are adjacent to the target category and consequently still 
move the green dot to the target category. Another reason is that, 
because of characteristics of a software, if a user plays incorrectly in 
three out of eight times, it is difficult to win a game, even if the wrong 
stances are neighbour stances. In these situations, playing the next five 
attempts correctly does not guarantee a win. This undesirable 
characteristic can mask the real performance of a participant. 

The measurements are made during the process. To analyse the 
participants’ performance, the evolution over the days is compared, as 
are the answers provided by the participants in the two questionnaires. 

11.5 Results 

The results are divided into two parts. The first part relates to the 
performance of the users in playing with the software, as described at 
the end of Section 11.4, where the percentage of hits per game is used 
to measure the participant’s performance. The second part relates to 
qualitative data collected from the participants in the two 
questionnaires. 

The correlation matrix in Figure 3 shows the average of the cumulative 
results of all participants during the three days of training, i.e. when a 
certain category was the target, what is the correlation between all 
categories performed for all users with the target stance identified in 
each column. Values close to 1 mean a strong correlation, values close to 
0 mean a weak correlation, while negative values indicate an inverse 
correlation. It is expected that there will be a diagonal line of high 
correlation, and that the correlation will diminish the further the 
coordinates are from the diagonal. 



CHAPTER 11: Interpersonal Stances in Voice: Training with Computers, 
Acting with People 253 

As an example, if we look at the Dependent x Dependent cell, we see a 
strong correlation close to 1. The correlation still exists but is weaker for 
the neighbour categories (rows Withdrawn and Cooperative). It 
continues to diminish for the next categories until it becomes null or 
negative. It can also be noted that in the circumplex, the stance 
Cooperative, for example, is a neighbour of Helping even if in the 
correlation matrix these categories are displayed far from each other. In 
this case, the concept of far might be observed in terms of Leary’s 
circumplex, as shown on the right in Figure 1. 

The data in Figure 3 shows that even when the participants played 
incorrectly, in most cases they played close to the target stance. 

 

FIGURE 3. CORRELATION MATRIX OF THE AVERAGE RESULTS OVER THREE DAYS OF TRAINING FOR ALL 
PARTICIPANTS 

Figure 4 shows the average performance of all participants over the 
three days in terms of the average number of attempts per category. 
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FIGURE 4. AVERAGE OF THE PARTICIPANTS’ PERFORMANCE PER DAY 

Whilst the correlation matrix in Figure 3 shows trends close to the 
targets, the results achieved by the participants shown in Figure 4 look 
less promising. This can be explained by the fact that the scoring 
mechanism (with a maximum of 8 attempts) masked the participants’ 
real progress (because, as mentioned earlier, it is very difficult to still win 
the game after a bad start).  

 These results probably also affected the perception of the participants 
regarding their learning abilities of how to perform the different stances. 
The questionnaires applied before and after playing the game asked how 
confident the participants are in performing each individual category and 
how clear the categories are to them (see first two questions of Table 1). 
The results show that for both questions, the perception of the 
participants about their performance and the understanding of each 
separate category did not significantly change.  

Nevertheless, when looking at our most important outcome variable, the 
participants’ hit rate, it turns out that they still made significant 
improvements over the days. Considering the two groups separately, i.e., 
the non-experienced players (16 participants who played only for three 
days) and the experienced players (four participants who played and 
recorded interpersonal stances already several times before the 
experiment), the results are promising (see Figure 5). For the non-
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experienced group, a paired t-test between days 1 and 3 indicates a 
significant improvement from 0.26 to 0.32 (P=.045). The graph in Figure 
5 shows the performance of both groups measuring the hit rate per day. 
It is clear that the experienced group did not make any improvement yet, 
but still achieved the best performance, while the performance of the 
non-experienced group improved over the three days. 

 

FIGURE 5. PERFORMANCE OF EXPERIENCED AND NON-EXPERIENCED PARTICIPANTS OVER THE THREE DAYS OF 
TRAINING 

Finally, the two questionnaires also asked about how familiar the 
participants were with Leary’s interpersonal stances theory before and 
after the training (see last question of Table 1). The knowledge of the 
participants about the dynamics of Leary’s theory increased from 1.84 to 
3.74 on the 5-point Likert scale. A paired t-test confirmed that this 
increase was significant (P=.002). 

11.6 Discussion 

Starting with the third research question as put forward in Section 11.4, 
it became clear from the answers to the questionnaires that after using 
the software, people feel they have become more familiar with the 
dynamics of the Leary’s interpersonal stances theory. 
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In accordance with previous works on inferring interpersonal stances in 
voice [9]–[11] and text [13], [14], it is difficult to build models that are 
able to accurately classify the eight basic stances, at least with the 
current datasets. It is even more difficult to teach people using such 
models, as also shown in [15]. 

Our results suggest that people are able to understand the concept of 
each basic stance, but can vary the style of how they perform them, as 
no participant achieved an accuracy of 75% or above in their personal 
models. Even when using the same hardware in the same environmental 
conditions and with good accuracy, they fail in many cases in copying 
their own style to each stance. Other factors that probably influenced 
the reduction in performance are the lack of motivation and the lack of 
engagement in a real situation to really perform a stance. 

Nevertheless, the results show interesting patterns regarding the 
learning curve of the participants. The system helped the participants to 
improve their skills related to interpersonal stances in voice. According to 
Figure 5, the non-experienced participants have made a clear 
improvement at the end of day 3. The increase in standard deviation 
over the three days can possibly be explained by the fact that some of 
them were more motivated to achieve the goal and put more effort in 
repeating the voice patterns used to build the models. The same 
patterns were not observed in the experienced group, who did not make 
any improvements. These results demonstrate that there could be an 
improvement among non-experienced participants if they were given 
training on more days. At the same time, there is a limit to the extent to 
which the system can improve people’s skills. When asking participants 
to provide feedback on the experiment, 50% of them reported 
frustration in not achieving the goal. The results indicate that the game 
did not clearly show the real progress of the participants during the 
training sessions well, which could have demotivated them over the 
three days. Moreover, the game could be tuned for users to reach the 
goal more easily than in the current setup. It is also not clear to what 
extent the participants improved their style as a result of an increased 
awareness about the stances during the training process. Hence, there 
are no guarantees that the same styles would be performed in real 
situations. 
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Moreover, the results of the questionnaires completed before and after 
the training show that people are more confident about their own 
understanding of the stances than about performing them. Participants 
spontaneously reported confusion in performing stances, for example, 
(Aggressive, Competitive and Leading), (Aggressive and Competitive) or 
(Helping and Cooperative).  

All those aspects in performing stances should be considered in follow-
up research. In future work, we are planning to investigate the relation 
between the stances in more detail. On the one hand, more evidence 
needs to be found indicating that interpersonal stances in voice can be 
improved by using simulation-based training games. On the other hand, 
we need to better understand how people perceive and use 
interpersonal stances in practice. It is also important to determine to 
what extent people really recognise them as separate categories when 
they are interacting with others or whether they group them in clusters. 
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CHAPTER 12: Discussion and Conclusion 

12.1 Research Questions 
The collection of articles presented in this thesis addressed the four 
research questions put forward in Chapter 1. The current section 
discusses the main results of the papers and their relationship to each of 
the research questions. Finally, an overall conclusion will be presented, 
and possible future avenues of research will be suggested. 

Section 1.4 of Chapter 1 summarised the content covered by each 
chapter. There is a clear separation between RQ1 and RQ2 related to 
Part II of the thesis, and RQ3 and RQ4 related to Parts III and IV, 
respectively. Table 1 shows how each chapter relates to each research 
question. In the following paragraphs, each research question is 
addressed in detail. 

TABLE 1: RESEARCH QUESTIONS AND THEIR RELEVANCE, BY CHAPTER 

  RQ1 RQ2 RQ3 RQ4 

Part II Chapter 2 9    
Chapter 3 9 9   
Chapter 4 9 9   

Part III Chapter 5   9 9 
Chapter 6   9  
Chapter 7   9  

Part IV Chapter 8    9 
Chapter 9    9 
Chapter 10   9 9 
Chapter 11   9 9 

 

RQ 1.  How can we analyse the dynamics of crowds in safety-
critical circumstances, while taking social, cognitive, and 
emotional factors of behaviour into account? 

Chapter 2. As a first step towards answering RQ1, Chapter 2 examines 
the tools and models that are available in academia and on the market to 
simulate crowd behaviour. It also provides an overview of the relevant 
features to consider in crowd simulations, especially those related to 
evacuation and safety-critical issues. The work reveals a gap between 
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commercial tools that mainly focus on physical aspects and theoretical 
models. Most of the models developed in academia are poor in terms of 
physical and graphical simulation, but add much more complexity to the 
modelling of human behaviour, thereby not simulating people as simple 
robots that make rational decisions. Recently, these academic models 
have started to include social aspects because they are intrinsic to 
people’s behaviour; it is important to take these features into account in 
order to more realistically simulate people’s behaviour in safety-critical 
circumstances, for example when they are under pressure, and forced to 
take decisions such as to evacuate a building. Instead, such aspects are 
often lacking within commercial tools. These tools could be more 
realistic if they embedded social and emotional factors in their 
simulations; for instance, they allow for the addition of delays in the 
evacuations for groups of agents, but often do not cover agents that are 
influenced by other agents’ behaviour, or groups of people who try to 
remain together as they evacuate. Furthermore, many commercial tools 
do not consider unexpected environmental factors such as blocked 
escape corridors, or terrorist attacks where other agents are dangerous 
in that they move intelligently to cause the most damage possible. In 
such situations, people tend to make irrational decisions, possibly under 
the influence of the emotions and interpersonal stances expressed by 
others around them. In these situations, staff members (e.g., workers 
who know the local area or are specialists in security) can play an 
important role to guide others and because of this, keep the population 
calm, and ensure they take the right decisions at the appropriate time. 
To conclude, the main contribution of Chapter 2 is an inventory of the 
most important social, cognitive and emotional factors that should be 
added to existing crowd simulation models. 

Chapter 3. Building upon the findings of Chapter 2, Chapter 3 considers 
the importance of cognition and socio-cultural bonds among the various 
people involved in safety-critical circumstances, and develops a model 
that includes these factors. It also addresses the development of an 
environment in which to embed the model. To build an effective model 
that includes not only statistical factors but also knowledge from the 
social sciences, a network-oriented modelling approach is adopted [1]. In 
this technique, information related to evacuation factors such as speed 
and egress flow rate are combined with characteristics such as the level 
of compliance, intentions to help others, or fear. This approach allows 
for the addition of rules that are not directly extracted from data 



CHAPTER 12: Discussion and Conclusion 263 

measured in incidents, but are nevertheless observable in psychological 
studies. For example, mental states like beliefs, fear, and confidence 
exert a direct influence on the decisions made by people who are 
evacuating. Technically, this is modelled by endowing the agents with 
internal states such as belief, fear, and confidence that are linked to an 
output state (node) that represents the action of evacuation. The 
combination of these signals is represented by an aggregation function, 
hence each agent can have its own personality and reaction to the same 
event, carrying internal beliefs about the situation and expressing them 
to others around them.   

The second step is to validate the model based on a benchmark, and 
compare the results of the model with those of the benchmark. This is 
covered in Chapters 2 and 3, while more details can be found in [2]. The 
approach adopted turned out to be sufficiently flexible to cover all 
requirements of the benchmark. Some characteristics were even omitted 
from the model due to the lack of detail in the benchmark. The model 
could be fit to the benchmark, and possible deviations could be a 
consequence of imprecisions and limitations of the environment in which 
the model was embedded. Papers [1]–[3] add more detail to the model.  

Chapter 4. The model developed in Chapter 3 opens the possibility of 
introducing different types of agents with various aims. Chapter 4 adds 
staff agents to the simulation, and the aim of these agents is to help 
others to egress from the environment. In practical terms, we can 
thereby explore the impact of staff members on different performance 
indicators, such as the evacuation time and number of casualties. The 
results indicate that staff members have a significant impact in complex 
environments that feature many rooms and doors, while in simple 
environments, their influence still exists, but is less significant. At the 
same time, staff that are well trained in social skills have a bigger positive 
impact than those who are not well trained. This is reflected in the two 
types of staff studied: regular workers and safety professionals. 

Discussion. The chapters discussed above present a new model to 
simulate crowd evacuations. The existing literature confirms the 
importance of including social and emotional aspects in safety-critical 
situations, especially in evacuation circumstances. In Chapters 2, 3, and 
4, a model that includes these elements was developed and validated 
against a benchmark. In contrast to other models, the model presented 
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in this work includes staff agents that can be simulated with several 
levels of social skills and security. As with any other model, it is just a 
simplification of reality. Nevertheless, it is accurate enough to draw 
conclusions about various hypothetical scenarios that are impossible or 
very costly to replicate in real life. Hence, via this approach, we can study 
the implications of specific parameter settings for the different elements 
covered by the model, which can be helpful to plan safety-related 
events. Nevertheless, so for more accurate results, further validations 
against other benchmarks are necessary.  

RQ 2. How can we study the impact of staff members’ social 
skills on safety in critical circumstances? 

Chapter 3. As described previously, in this chapter a model was 
developed to simulate crowd evacuations. The evacuation domain was 
chosen because it is a well-studied area that covers many aspects related 
to safety. Moreover, it is a domain in which the role of staff members is 
essential, according to the literature. To allow us to study the impact of 
staff members’ social skills, first in Chapter 3 the model was designed in 
such a way that it covers social and emotional aspects. In particular, the 
phenomenon of emotional contagion was addressed, where one output 
of the agents is the expression of emotions. Through contagion, that 
output is transferred to other agents’ inputs, thereby influencing other 
agents’ emotions. This approach allows us to explore aspects of the 
social interaction between people, and the influence people can exert on 
each other in tense circumstances. 

Chapter 4. In this chapter, staff agents are introduced in the model, that 
can convince other agents to evacuate the area in question. Their 
parameters can be tuned to make them more or less convincing, and this 
ability to convince others is assumed to be directly linked to one’s level 
of social skills. This assumption is supported by relevant studies that are 
referenced in the same chapter. The extended model opens up the 
possibility to simulate diverse situations, for instance reflecting scenarios 
involving many staff members who have low or high social skills, or to 
investigate variations in the number and position of staff members. It 
also allows us to examine the impact of staff by varying the population 
and characteristics of the environment in which the agents are located. 
The simulation results discussed in Chapter 4 are restricted to evacuation 
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scenarios. However, having good social skills is probably equally 
important for professionals in various other safety-critical circumstances. 

Discussion. There are several ways of measuring the impact of social 
skills training programmes on safety-critical circumstances, as applied to 
staff (see, e.g. [4], [5]): (A) by performing ‘real-world’ experiments, 
simulating real situations and analysing the behaviour of staff and people 
involved in the situation to estimate the impact of a training process; (B) 
assessing the skills of staff members by theoretical exams; and (C) 
analysing data from real safety-critical situations (e.g., from videos 
recorded by cameras, or from other sensors present in the 
environment). All these approaches come with certain advantages and 
disadvantages. (B) is easy to apply, but it does not guarantee that the 
staff members demonstrate the same performance in real situations. (C) 
is the closest to reality, but there are few examples of real-world 
incidents available, and it is hard to extract information from them 
because they miss out many details. There are some studies based on 
safety-camera observations that touch upon the relation between staff 
and citizens in safety-critical circumstances. Again, those studies are 
useful but have some limitations; they do not consider individual 
differences in the ability of staff to lead people to the exit of unsafe 
areas, or calm them down, while it is also difficult to explore the 
outcomes of events if more staff are present, or if they are distributed 
differently over a particular area. It can be hard to find answers for every 
given situation. Do social skills really make much of a difference? What is 
the ideal number of staff? How much should one invest in training to 
guarantee an adequate level of safety? And, what is the impact of staff 
intervention? 

Approach (A) falls between (B) and (C); it is not as close to reality as (C), 
but simulations are an easy approach to experiment with processes that 
are difficult to study in reality due to factors such as time, money, ethical 
issues, controllability, repeatability, and reproducibility. Most of these 
factors are present in safety-critical situations and as a result, the 
approach proposed in this thesis is to study the impact of trained staff on 
local people through computer simulations. This is clearly more flexible, 
fast, and easier to set up than the other approaches, and it can provide 
detailed measurements about the impact of staff; just as for (A) and (B), 
it is an approximation of reality, but nevertheless a useful option. The 
model developed in this thesis can be used to simulate several scenarios, 
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and have implications for various types of staff. Therefore, it serves as a 
tool to support policy makers with the design of large events, to make 
decisions about the location and quantity of staff, and how much 
investment in social-skills training is necessary to guarantee an 
acceptable performance by staff, in case of a safety-critical 
circumstances. 

RQ 3. To what extent can we use artificial intelligence 
algorithms to detect emotions and interpersonal stances in 
people’s voice signals?  

Chapter 5. The use of classification algorithms to infer emotions from 
vocal signals is not new, and much work has been done in the domain of 
the basic emotions in particular. Currently, artificial intelligence 
algorithms have become sufficiently accurate to recognize emotions in 
controlled environments or specific situations. Nevertheless, there is still 
room for improvement. In this chapter, a new hybrid algorithm is 
proposed that uses a combination of support vector machines and 
decision trees. The first is widely used in the domain of voice and 
emotions, while the second adds a new layer of refinement by 
considering the trends of emotions that appear in different social 
situations. The proposed algorithm gives more attention to some 
emotions than others, depending on the context of the situation. Thanks 
to this approach, the accuracy with which emotions are inferred 
increases. This algorithm cannot be considered a final answer, but 
contributes another step in the search towards accurate algorithms that 
infer emotions from voice. 

Chapter 6. While there is much progress in the area of emotion 
recognition, the amount of research in artificial intelligence that is 
dedicated to recognizing interpersonal stances is much lower. Despite its 
importance in social relations and, consequently, for training people to 
enhance their social skills, interpersonal stances have received less 
attention than emotions in human-machine interactions. Most studies in 
this area focus on text and the content of a conversation, and very few 
works are dedicated to voice signals. Chapter 6 studies the relationship 
between voice signals and interpersonal stances, and in particular it 
examines whether it is possible to infer the ‘basic’ interpersonal stances 
from voice signals, just as with emotions. This work focuses on two 
categories: dominance and submissiveness. After several tests, the 
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support vector machines algorithm was shown to be an accurate 
approach to classifying interpersonal stances in small datasets. 
Nevertheless, this does not mean that support vector machines are the 
final answer to the problem. The results of this study indicate that for 
two categories, the algorithm performs roughly as good as humans at 
inferring interpersonal stances. Experiments have been conducted to 
compare the performance of three groups of people who are distinct in 
terms of culture and language, and all three groups achieved a similar 
performance at classifying samples of dominant and submissive voice 
fragments. 

Chapter 7. In this chapter, the interpersonal stance study was extended 
to the eight basic categories outlined in Leary’s theory [6]. A dataset of 
voices was created with the help of semi-professional actors, and the 
same algorithm used in Chapter 6 was applied to the created dataset. 
Surprisingly, the accuracy dropped more than expected. While for two 
categories, the algorithm obtained an accuracy of over 61%, for eight 
categories, it barely reached 20%. Hence, in both cases the performance 
was only slightly better than chance, which indicates that it is not easy to 
develop general models of interpersonal stance. However, when 
individual models of the participants were built, the results for eight 
categories again reached acceptable levels of accuracy for use in 
practical applications. The accuracy increased to around 81% on average 
for each participant. 

Chapter 10. In this chapter, a new interpersonal stance model based on 
voice signals was built. The model classified voices in 2 stances: dominant 
(‘above’) and submissive (‘below’). In contrast to Chapter 7, this model 
reached an accuracy of 86,6%, good enough for practical applications. 
Indeed, it was used on the serious game developed and described in 
Chapter 10 and made available to everyone. The main reason for a jump 
in the accuracy quality is probably related to the way in which the voices 
were collected. In the dataset of Chapter 10, participants were 
requested to record sentences according to two categories. In contrast, 
in Chapter 7, semi-professional actors were instructed to record 
sentences using eight categories, and only after that, the categories were 
grouped in order to form four and two classes. Even with the 
disadvantage of being recorded by non-actors, the model in Chapter 10 
reached good results for practical applications. 
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Chapter 11. Based on the results of Chapter 7 and Chapter 10, a training 
application designed to teach interpersonal stances was developed in 
Chapter 11. It was tailored to individual voice models to guarantee a high 
level of accuracy to the system. One of the results observed during the 
training period was that some people find it difficult to differentiate 
between some stances that are similar. For instance, some participants 
in the experiment showed only minor differences between competitive 
and leading or competitive and aggressive voices, while others mixed the 
helping and cooperative categories, or the leading and helping 
categories. There were even some examples of people mixing up three 
categories, and these results raise the question about the extent to 
which people are really aware of the different styles, and if in practical 
terms, we use fewer categories, or combine multiple categories to 
express ourselves. 

Discussion. Recently, much progress has been made in affective 
computing; more datasets are available, and classification algorithms 
have improved substantially. However, there is still room for 
improvement in the area. The literature indicates that we can infer 
emotions from voice signals, and the work developed in this thesis points 
in the same direction, but is still far from perfect. Most work in the area 
is done in controlled environments, and such systems can potentially 
work in uncontrolled environments, if noise filters are added. Naturally 
however, losses in the accuracy will occur. The results indicate that 
interpersonal stances, rather than emotions, are influenced by individual 
and perhaps cultural components that personalise the style of the 
approach taken, which makes it more difficult to develop generic models 
for them. The results in Chapter 11 also indicate that most of the time, 
people have some stance categories clear in their mind, whereas they 
mix up others. Therefore, we can conclude that, while we can build fairly 
accurate generalised emotion models (considering the six basic emotions 
defined by Ekman [7]), it is more difficult to build generalised models of 
the 8 basic interpersonal stances related to Leary’s theory [6]. However, 
more simplified models that combine various categories together can be 
feasible. Also, classification algorithms can build successful individual 
models of interpersonal stances. These algorithms are sufficiently 
mature to be integrated in applications to train staff members’ social 
skills. 
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RQ 4. To what extent can intelligent virtual agents help to 
enhance people’s social skills in safety-critical circumstances? 

Chapter 5. Simulation-based training is typically not performed ‘in the 
wild’, and this reduces the requirements imposed on such systems. In a 
controlled environment such as a special place to play games, a room in 
a house, or a laboratory, voice analysis does not suffer a big loss in 
performance due to noise, and therefore it is easier to make use of 
algorithms that infer emotions from voice. Chapter 5 shows that is 
indeed possible to infer emotions from human voice in laboratory 
settings using classification algorithms. As a consequence, the use of 
these algorithms can enrich the user experience, and provide high-
quality feedback to users in simulation-based training applications. 

Chapter 8. This chapter offers an overview of the tools and techniques 
used to train professional social skills through simulated interactions with 
Intelligent Virtual Agents. The literature review revealed that a variety of 
IVA-based applications have been developed with the aim of improving 
social skills. Despite the difficulty in addressing all layers of Kirkpatrick’s 
evaluation framework [4], many works have found to be effective in 
enhancing people’s social skills. The review in this chapter also confirms 
the usefulness of speech as an input modality in many applications, such 
as ASST, Believable Suspect Agents, MRES, and Virtual Recruiter. 

Chapter 9. In order to extend the literature discussed in Chapter 8 and to 
the domain of social-skills training in safety-critical circumstances, an 
online chatbot was developed to train candidates for security guard jobs. 
The chatbot system helps candidates to learn the correct actions in 
several safety-critical circumstances, and while the results do not directly 
provide evidence that the system increases the participants’ 
performance, there are factors that could mask the effectiveness of the 
system. These factors are described in the chapter, and are related to 
the training protocol and the number of participants used in the study. 
Contrary to the quantitative results, the (qualitative) self-reports  
provided by the users were very positive about the chatbot. Also, 
curiously, some candidates appear to prefer text-based input, rather 
than the voice-based input. In the end, both approaches were found to 
be good alternatives to the traditional approach of reading a book. 
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Chapter 10. Another training application, combining avatars, multiple-
choice menus, and algorithms to recognize interpersonal stance, was 
developed in Chapter 10. Basically, this system combines the elements 
developed in Chapters 6 and 7. The application is a serious game 
designed to train elderly people (and elderly care professionals) to deal 
with tricky situations in which other people try to exploit their 
vulnerabilities in order to obtain certain advantages. The game was 
evaluated as very welcome for elderly and professionals in the area, and 
the possibility to provide voice-based input was considered a unique 
additional feature of this application. Like in Chapter 9, this system is 
useful for training purposes because it simulates real-world situations 
and provides users direct feedback about their performance, which helps 
to make them aware of these situations, and promote a faster and more 
effective reaction. 

Chapter 11. Finally, a third training application was developed, in which 
the systems developed in Chapters 6 and 7 were used again in the back-
end. The aim of this simulation-based training application was to 
enhance interpersonal skills with regard to voice reactions, in particular 
by teaching users the dynamics of interpersonal stances, according to 
Leary’s theory [6]. The results show that people are able to learn the 
relationships between the eight basic stances described in Leary’s 
theory; they also can understand the eight basic stances, but it is very 
hard for them to express them, without mixing categories. 
Notwithstanding, the users improved their skills with regard to how to 
address interpersonal stances with their voice. The results also indicate 
that the application has potential to further improve users’ skills after 
additional training days. 

Discussion. To summarize, the results presented in Chapter 5 
demonstrate the potential of emotion recognition modules in social-skills 
training for safety-critical circumstances. Through the literature review 
conducted in Chapter 8, evidence was gathered that IVAs can indeed 
enhance users’ social skills, when applied within simulation-based 
training applications. This evidence was reinforced by the subsequent 
Chapters 9, 10, and 11. Hence, the combination of IVAs and algorithms 
to infer emotions and interpersonal stances was shown to be a useful 
approach for social skills training in critical-safety circumstances. The 
results obtained through several experiments indicate that serious 
games or simulation-based training systems are suitable for different 



CHAPTER 12: Discussion and Conclusion 271 

stages of the social skills-learning process. This is not a complete solution 
for such training, but is rather a complementary approach that can be 
used next to traditional techniques. In terms of social skills training, the 
best approach will always be practical experience in real-life situations, 
but serious games and simulation-based training systems can 
nevertheless speed up the learning process, and make people better 
prepared to deal with real-life situations. Moreover, as with most 
computer-based systems, they are highly scalable and, after an initial 
investment, they can be used as much as required at a low cost.  

12.2 Conclusion 
Overall, this thesis has explored the use of intelligent agents in two 
directions. First, they have been used to study the dynamics of crowds in 
safety-critical circumstances, and the influence of social, cognitive, and 
emotional factors on those situations. In particular, this work has 
investigated the influence of staff in such scenarios, and the importance 
of having good social skills so as to be able to deal with people. The 
results obtained show that we can successfully simulate the relevant 
patterns that emerge from the crowd’s interactions, and even roughly 
quantify the implications of having trained vs. untrained staff in safety-
critical circumstances. This approach extends the state-of-the-art in 
crowd simulation because it allows researchers and policy makers to 
understand the impact of social, cognitive and emotional factors on 
crowd dynamics in more detail. 

Secondly, this work also explores the use of intelligent virtual agents for 
social skills training of staff members. The results of several experiments 
support the claim that classification algorithms to infer emotions and 
interpersonal stances from voice signals can be used as part of practical 
training systems. Modalities such as voice and text can be used as input 
as part of simulation-based training tools to facilitate the learning 
process of social skills. In contrast to the basic emotions, it is harder to 
recognise interpersonal stances automatically. More specifically, the 
results suggest that, even when they are aware about the concepts 
associated to the eight stance categories, most of the time, people do 
not make a clear distinction between the various basic interpersonal 
stances in their voice.  In other words, there seems to be no universal 
way in which people apply the various basic interpersonal stances, at 
least not in the level of detail that they distinguish eight universal 
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categories. More experiments are needed to confirm these hypotheses. 
Given these results, the data used to train classification algorithms 
should be carefully collected and validated, to ensure than researches do 
not arrive at the wrong classification models. Additionally, contextual 
information about what should be expected from others in a given 
situation would be extremely useful to improve the classification of 
emotions and interpersonal stances. Furthermore, experiments have 
been performed that show that social-skills training tools are valuable to 
promote people’s awareness about emotions and interpersonal stances. 
Such tools are useful at various stages of the training process, and can 
contribute to speeding up people’s learning curve in this regard. 

Finally, the work outlined in this thesis opens up a number of 
opportunities for future research. In the case of crowd simulation, 
further validation studies must be conducted, and new simulation model 
should be developed to include more sophisticated social and emotional 
aspects. In the area of classification algorithms, advances in multimodal 
signal processing and studies about emotions and interpersonal stances 
are required, while protocols to collect good-quality data samples could 
also help to push the field further. The current classification algorithms 
are sufficiently mature to recognise patterns, but they still depend on 
good-quality data. In the case of social-skills training, effective modules 
for multimodal signal processing have already been embedded in 
applications to enrich the user experience [8], [9]. However, it is 
necessary to conduct more evaluation studies to better understand the 
opportunities and limitations of such training systems. There seems to be 
a promising future for such training techniques, which have the 
admirable aim of improving people’s social interactions with others in 
critical situations. The ultimate consequence of such developments is a 
better society for everyone. 
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