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Abstract. There is a growing belief that the environment plays an important 
role in the healing process of patients, supported by empirical findings. 
Previous research showed that psychological stress caused by loneliness can be 
reduced by artificial companions. As a pilot application for this purpose, this 
paper presents an affective agent playing tic-tac-toe with the user. 
Experimenting with a number of agents under different parameter settings 
shows the agent is able to show human-like emotional behavior, and can make 
decisions based on rationality as well as on affective influences. After 
discussing the application with clinical experts and making improvements 
where needed, the application can be tested in a clinical setting in future 
research.
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1   Introduction

Many people do not like the atmosphere in hospitals. Since two decades, there is a 
growing belief that not only the health care itself, but also the environment affects the 
healing process of the patients. This has increased the interest in healing 
environments. The role of the environment in the healing process is a growing 
concern among health care providers, environmental psychologists, consultants and 
architects. Among them the consensus is growing that not only the level of care, but 
also the design of the health care facility affects the wellness of its patients [7].
Researchers are finding that making changes and additions to the physical and social 
environment of the health care facility, thereby taking the patient into account, can 
positively influence patients’ outcomes (e.g., [2], [6], [18], [22], [25]). Moreover, 
health care professionals are finding that changes in design can enhance recovery in 
patients, and reduce the length of their stay in the hospital [15]. On the other hand, 
researchers are also finding that unfamiliar environments in clinics, hospitals, and 



nursing homes can produce psychological stress that can negatively affect healing and 
wellness. Poor design has even been linked to negative effects on the patient, such as 
anxiety, delirium, elevated blood pressure levels, and an increased intake of pain 
drugs [23].
One factor that can be reduced by a healing environment is psychosocial stress. An 
important predictor of psychosocial stress is loneliness [12]. Loneliness is a common 
problem frequently encountered in the elderly in long-term care facilities. Many 
people that are staying in a long-term care facility lack social interaction. Artificial 
toys can be used to reduce loneliness. Previous research showed that animal-shaped 
toys can be useful as a tool for occupational therapy (e.g., [18], [26], [27]). Robot 
animal therapy has been widely investigated. For example, Dautenhahn and Robins
[20], [28] used mobile robots and dolls respectively to treat autistic children. Wada 
and Shibata developed Paro [27], a robot shaped like a baby-seal that interacts with 
users to encourage positive mental effects. Interaction with Paro has been shown to 
improve users’ moods, making them more active and communicative with each other 
and caregivers. Research groups have used Paro for therapy at eldercare facilities and 
with those having Alzheimer’s disease [14], [17]. Banks et al. [2] showed that animal-
assisted therapy with an AIBO dog helped just as good for reducing loneliness as 
therapy with a living dog. In their paper they indicate that AIBO was not used to its 
full capacity and that if more options were used, its effects might be further enhanced.
Over the past decade, a lot of novel work on computational models of emotion in 
virtual agents can be observed. Nevertheless, compared to human affective 
complexity, current emotion models of virtual agents are still quite simple. If an 
artificial companion demonstrates human-like emotional behavior, this might increase 
its ability to reduce loneliness of patients in a long-term care facility, as part of a 
healing environment.
In our paper, we present a virtual agent that could be seen as a pilot application for 
this purpose. The artificial companion is an affective virtual agent that can play tic-
tac-toe, equipped with Silicon Coppélia [19], an integration of three affect-related 
models as proposed in [3]. Because it is equipped with these affect-related models, it 
can show human-like emotional behavior. Therefore, it might be a useful to serve as 
an artificial interaction partner for patients in a long-term care facility.

2   The Application

The application presented in this paper is an affective virtual agent that can play tic-
tac-toe against the user. The object of tic-tac-toe is to get three in a row on a three by 
three game board. You play on a three by three game board. Players alternate placing 
X’s and O’s on the game board until one of the players has three in a row, or all nine 
squares on the board are filled, which means the game ends in a tie. For creating the 
virtual agent, we used Haptek’s peopleputty software [11]. Through this program we 
created the face of the virtual agent. The agent simulates 5 emotions: joy, distress, 
hope, fear and surprise, which can be expressed with either a low or a high intensity. 



Fig. 1. The website with the tic-tac-toe application.

We created 32 (25) different emotional states using peopleputty; one for each possible 
combination of two levels of intensity of the five emotions simulated by the agent. 
We created a webpage for the application, on which the virtual agent was embedded 
as a Haptek player. We used JavaScript [1], a scripting language, in combination with 
scripting commands provided by the Haptek software [11], to control the Haptek 
player within a web browser.
Figure 1 shows the resulting website. In Figure 1, the agent, playing O’s, just lost a 
game, and therefore looks sad. The website shows in the top left the agent which the 
user plays against. If the agent speaks a message, this is additionally shown in a 
textbox that is shown below the agent. Below this textbox, the ambition levels of the 
agent for winning and losing, and the importance of the current game for the agent are 
shown. Right next to this, the level of involvement and distance from the agent 
towards the user are shown. Right next to the textbox, the predictions of the agent 
about the expected next move and the outcome of the game are shown. Above this, 
just below the tic-tac-toe board, the user can enter its bet, and there is a ‘play again’ 
button which the user can click on to play a new game with the inserted amount of 
money as bet. Additionally, there is a hint button, which makes the agent give a hint 
to the user about in which square to make a move. Further, there is a ‘game help’ 
button. If the user clicks this button, the agent will explain the rules of the game.
Because the purpose of this paper is to show how the application works, the affective 
state is not only shown by means of a facial expression of the agent, but the emotion 
variables are also shown numerically on the top right. If the application would be 



designed to be used by human users, these numerical values would not be shown, and 
only the facial expression would be visible to the user. Below the affective state in 
numbers, the amount of money that is currently played for (current bet), the amount 
of money of the user (your money), and the amount of money of the agent (agent 
money) are shown. There is also a ‘reset bets’ button, which resets the bets to the 
starting values. Below this, the number of games won by the user, the number of 
games won by the agent, and the number of ties is shown. 
The tic-tac-toe board is on the top center of the website, right next to the agent. The 
user can make a move by clicking on one of the squares, on which the agent will react 
by performing its own move. After each move of the human user, the agent speaks a 
message, which is additionally displayed in the text-area below its face, depending on 
the emotional state of the agent. If the game has finished, the amount of money bet for 
will be added to the winner, and subtracted from the loser. The agent speaks a 
message, depending on the outcome of the game, and its emotional state. The user can 
enter a new bet and click the ‘play again’ button to play another game.

2.1   The models incorporated in the agent

This virtual agent presented in this paper was constructed by incorporating Silicon 
Coppélia [19], an integration of three affect-related models into an existing virtual 
agent that can play tic-tac-toe [29]. The three models that were integrated into Silicon 
Coppélia as suggested in [3] were: 

1. EMA [9], [16], a model to create agents that exhibit and cope with (negative) 
affect based on Smith & Lazarus’ theory of emotion [21]. A graphical 
representation of EMA is shown in Figure 2.

Fig. 2. A graphical representation of EMA



2. CoMERG [4] (the Cognitive Model for Emotion Regulation based on 
Gross), which can simulate different emotion regulation strategies explained 
by Gross [10] using a set of logical rules and difference equations. Figure 3 
shows a graphical representation of the emotion regulation model by Gross.

Fig. 3. A graphical representation of the emotion regulation model by Gross

3. I-PEFiCADM [13], a model for building agents that can trade rational for 
affective choices based on the concern-driven theory of Frijda [8]. A 
graphical representation of I-PEFiCADM is shown in Figure 4.
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Fig. 5. A graphical representation of Silicon Coppélia.

Integrating these models enabled agents in simulation experiments to show richer 
interaction than they could with any of the models alone. Using the combined model, 
they could simulate emotions based on beliefs about states in the world, and how 
these states affect their goals. The model was also used to simulate affective decision 
making processes, in which decisions are made not only based on rationality, but also 
on affective influences, enabling the agent to make irrational decisions where 
appropriate. Further, emotion regulation strategies can be applied by the agent, to 
regulate its (simulated) emotions [19].
Figure 5 shows a graphical representation of Silicon Coppélia. On the far left of this 
figure, we see a virtual agent. The agent develops state predicates about her opponent. 
The agent acquires personal meaning for her opponent because she compares the 
features of her opponent with her own personal goals, beliefs, and concerns. This 
establishes her relevance and valence to her opponent. While relevance determines 
the intensity of affect, valence governs its direction. The agent can also take 
perspectives and look at others through the eyes of another person or agent.
When the initial appraisal process is completed, the agent is ready to affectively 
respond to her opponent. Relevance and valence form an appraisal frame that feeds 
into her involvement and distance towards her opponent. Inside, the agent will 
‘experience’ several (perhaps ambiguous) emotions. 



During affective decision making, the agent selects the move in the game that 
promises the highest expected satisfaction. The performed action leads to a new 
situation, and after her opponent also made his/her move, the model loops until the 
game has finished.

2.2   Determining which action to take

In Silicon Coppélia [19], the agents perceive each other’s features according to I-
PEFiC [24], by multiplying a designed value (a value the designer expects to raise in 
another agent), and a bias for perceiving this feature. For this application, as starting 
values, all biases were set to the neutral value of 1 for the agent. The designed values 
of the human user were set as can be found in Table 1. These values were chosen 
arbitrarily, and in an application with real users they should be reconsidered together 
with an expert. This will lead the agent to perceive the human user with the following 
variables:

Table 1. Designed values for perceiving the features of the human user.

Feature Designed value of human user
Good 0.6
Bad 0.2
Beautiful 0.5
Ugly 0.3
Realistic 0.9
Unrealistic 0.1
Intended Aid 0.7
Intended Obstacle 0.4

In Silicon Coppélia, the agents also have beliefs that features of other agents affect 
certain goal-states in the world. For this application, the possible goal-states are 
‘agent wins’ and ‘human wins’. The beliefs about features facilitating these goal-
states were set as can be seen in Table 2:

Table 2. Designed values for perceiving the features of the human user.

Feature or Action Facilitates ‘agent wins’ Facilitates ‘human wins’
Good 0.5 -0.5
Bad -0.5 0.5
Beautiful 0.1 0.1
Ugly 0.1 0.1
Realistic 0.1 0.1
Unrealistic 0.1 0.1
Intended Aid 0.7 -0.7
Intended Obstacle -0.7 0.7

The agent also has beliefs about actions facilitating goal-states. As there are nine 
squares on the board, there are nine possible actions for the agent: putting an O in 



each possible place. In Silicon Coppélia, the agents have beliefs that action facilitate 
goal-states in the range [-1, 1], where -1 means the agent beliefs the action strongly 
inhibits the goal-state, and 1 means the agent beliefs the action strongly facilitates the 
goal-state.
Each turn, the beliefs that actions facilitate goal-states are calculated based on a 
heuristic that estimates the chances of winning when a certain move is made. If the 
agent can make three O’s in a row, the belief that performing this action facilitates 
‘agent wins’ is set to 1, and the belief that this facilitates ‘human wins’ is set to -1. If 
the human user has two X’s in a row, and the third square in this row is still empty, 
the agent will belief that putting an O on this square facilitates ‘agent wins’ with a 
value of 0.9, and inhibits ‘human wins’ with a value of -0.9. If a square is already 
occupied, the belief that putting an O on this square facilitates a goal is set to 0 for 
both goals, as it is an illegal move. If none of these rules apply for a square, the belief 
that putting an O on the middle square (B2) facilitates ‘agent wins’ is set to 0.5, and 
that it facilitates ‘human wins’ to -0.5. Similarly, the belief that putting an O on 
corner squares (A1, A3, C1 and C3) facilitates ‘agent wins’ is set to 0.3 and for 
‘human wins’ this is set to -0.3. Finally, the belief that putting an O on the remaining 
squares (A2, B1, B3 and C2) facilitates ‘agent wins’ is set to 0.1 and for ‘human 
wins’ this is set to -0.1. For actions which facilitate desired goals, and inhibit 
undesired goals (i.e., actions with a high expected utility, generalized over multiple 
goals), strong action tendencies are calculated [19].
In Silicon Coppélia, each action has a level of positivity and a level of negativity. In 
this application, the level of negativity of each action is defined as the belief of the 
agent that the action facilitates winning the game. The level of negativity of the action 
is defined as 1 minus this belief. 
Using these variables, the affective decision-making of Silicon Coppélia [19] is used 
to determine the action of the agent. The expected satisfaction is calculated using the 
following formula, and the action with the highest level of expected satisfaction is 
picked.

ExpectedSatisfaction(Action) = 
wat * Action_Tendency + 
wpos * (1 - abs(positivity – biasI * Involvement)) + 
wneg * (1 - abs(negativity – biasD * Distance))

The agent will search for the action with the level of positivity that is closest to the 
level of (biased) involvement towards the user, the level of negativity closest to the 
level of (biased) distance towards the user, and the strongest action tendency. The 
importance of positivity, negativity and action tendency for selecting an action can be 
adjusted by changing the weights (wpos, wneg, and wat respectively). If an agent wants 
to perform more positive actions, it can, for example, increase its bias for 
involvement, and decrease its bias for distance. This way, the agent will prefer more 
positive and less negative actions.
Note that this way, the agent can also deliberately lose by setting a high ambition
level for the goal ‘human wins’, or because the agent is too involved with the user to 
try to win each game. The agent can also determine its ambition level for winning on 
the outcomes of the previous games, and the amount of money that is played for. For 
example, it can try to win the game if it has less money than the human user, and 



deliberately try to lose if it has more money than the human user. The agent can also 
determine the importance of each game, by dividing the amount that is played for by 
the total amount of money the agent has left. This importance can then be the 
deviation from 0 in the ambition level.

2.3   Calculating the emotions of the agent

The agent simulates some emotions while playing the game, based on the actions that 
are being performed by the user, the perceived likelihood of winning and losing, and 
the outcome of the game. Hope and fear are calculated each time the agent has made 
its move and the human user is on turn. The hope and fear of the agent are based on 
the perceived likelihood it will win or lose the game. If the human user is on turn and 
can make a winning move, it estimates the likelihood for losing 0.8, the likelihood for 
a tie 0.1, and the likelihood for winning 0.1. If the agent could make a winning move 
if it would be on turn (but it cannot, because the human user is), it will estimate its 
likelihood for winning 0.5, the likelihood for a tie 0.4 and its likelihood for losing 0.1.
Otherwise, the likelihood for winning and losing are both estimated 0.3 by the agent
and the likelihood for a tie is estimated 0.4.
The found likelihoods are used in the following function to calculate the hope for a 
goal. This function is similar to the function described in [5].

IF f >= likelihood THEN hope_for_goal = 
-0,25 * ( cos( 1 / f * * likelihood(goal) ) -1,5) * ambition_level(goal)

IF f < likelihood THEN hope_for_goal = 
-0.25 * ( cos( 1 / (1-f) * * (1-likelihood(goal)) ) -1.5) * ambition_level(goal)

These functions differ from most approaches present in the literature, since their top is 
not situated at the point where the likelihood is 0. In these functions, f is a shaping 
parameter (in the domain [0, 1]) that can be used to manipulate the location of the top 
of the hope curve. The value of this parameter may differ per individual, and 
represents ‘fatalism’ (or ‘pessimism’): the top of the likelihood/hope-curve is always 
situated at the point where likelihood = f. Thus, for an f close to 1, the top of the curve 
is situated to the extreme right (representing persons that only ‘dare’ to hope for 
events with high probabilities). Similarly, for an f close to 0, the top of the curve is 
situated to the extreme left (representing persons that already start hoping for events 
with low probabilities). In this paper, f is set at 0.5. We chose a smooth function 
instead of a linear function, because this function best matches the emotion curves 
found in humans. Furthermore, a higher ambition level simply leads to a higher hope 
(which is standard in the literature). If the ambition level is negative (i.e., the goal is 
undesired), the outcome of hope_for_goal will be a negative value.
The following algorithm is performed to the found values for hope_for_goal

1. Sort the values in two lists: [01] and [0-1]
2. Start with 0 and take the mean of the value you have and the next value in 
the list. Continue until the list is finished. Do this for both the negative and the 
positive list.
3. Hope = Outcome positive list. Fear = abs(Outcome negative list).



The values are sorted in a list with positive hope_for_goal’s (i.e., hope for desired 
goals), and negative hope_for_goal’s (i.e., fear for undesired goals). For both the lists, 
0 is the starting point, and the mean of the value you have and the next value in the 
list (where the next value is the value closest to 0 that is left in the list) is picked until 
the end of the list is reached. The new level of hope for the agent is the outcome of 
the positive list, and the new level of fear for the agent is the absolute value of the 
outcome of the negative list.

The joy and distress of the agent are based on reaching or not reaching desired or 
undesired goal-states. If a goal-state becomes true (i.e., the agent wins or the human 
user wins), the levels of joy and distress are calculated by performing the following 
formulas:

  IF ambition_level(goal) >= 0 THEN:
     new_joy = old_joy + mf_joy * ambition_level(goal) * (1-old_joy)
    new_distress = old_distress + mf_distress * -ambition_level(goal) * old_distress

  IF ambition_level(goal) < 0 THEN:
     new_joy = old_joy + mf_joy * ambition_level(goal) * old_joy
     new_distress = old_distress + mf_distress * -ambition_level(goal) * (1-old_distress)

In this formula, mf_joy and mf_distress are modification factors that determine how 
quickly joy and distress change if the agent wins or loses the game. In this paper, the 
values were both set at 1. These modification factors are multiplied with the impact 
value, which is ambition_level(goal) for joy and -ambition_level(goal) for distress. This 
way, if a desired goal is reached, this will increase joy and decrease distress, and 
reaching an undesired goal will decrease joy and increase distress. Multiplying with 
limiter (1-old_joy) for joy and old_distress for distress if the goal is desired manages 
the formula does not go out of range. Further, it manages that if an agent’s level of joy 
or distress approaches an extreme value, it will be harder to push it further to the 
extreme, and easier to get it back to a less extreme value.  If the reached goal is 
undesired, old_joy is used as limiter for joy and (1-old_distress) as limiter for distress, 
because the values of joy and distress will move in the opposite direction as when the 
goal is desired.
The level of surprise is calculated in a similar manner as in [5], [29]. To calculate the 
level of surprise during the game, the agent generates expectations about which move 
the user will make. If a square is free, that square gets a point. If the user can make 
three in a row, or prevent the agent from making three in a row the next turn, the 
square of that move gets 1 extra point. If the user has one X in a row, and the 
remaining squares of that row are free, those squares get 0.5 point. After all the 
squares have got their points, the sum of all points of the squares is normalized to 1. 
The resulting values for each square are the predicted likelihoods of the human 
making a move on that square. If the user makes a move on a certain square, the level 
of surprise for the agent is 1 – likelihood(move). If the game finishes, the level of 
surprise for the agent is 1 minus the perceived likelihood that the game would end that 
way.
After each move of the human user, the agent speaks a message, depending on the 
level of surprise. In the system, there is a small database of messages, labeled with 



certain emotion intensities. If the level of surprise is very low, it will show that it 
expected this move, with a message like ‘I thought you would do that’ or ‘A 
predictable move’. On the other hand, if the agent is very surprised by the move of the 
user, it will speak a more surprised message, like ‘That move surprised me!’ or ‘You 
are full of surprises.’
All five emotions inserted in the system (joy, distress, hope, fear and surprise) are 
simulated in parallel. If the level of joy, distress or surprise is below 0.5, a low 
intensity of the emotion is shown by the agent. If the level of joy, distress, or surpise 
is greater or equal than 0.5, a high intensity of the emotion is shown by the agent. 
Because playing the tic-tac-toe game rarely leads to extreme values of hope and fear 
in the agent, for hope and fear this boundary is set to 0.25.
After each game has ended, the level of satisfaction for the agent is calculated in the 
range [-1, 1]. If the agent wins, the level of satisfaction will be the ambition level for 
‘agent wins’. Similarly, if the human user wins, the level of satisfaction will be the 
ambition level for ‘human wins’. If the game ends in a tie, the importance of the game
is calculated by dividing the amount that is played for by the total amount of money 
of the agent. The satisfaction of the agent after a tied game is then calculated by 
multiplying the importance of the game with 0.5.
Also a level of relief is calculated for the agent after each game, in the range [-1, 1], 
by multiplying the level of satisfaction with the level of surprise. Further, a message 
is displayed, based on the outcome of the game and the level of satisfaction and relief, 
the agent speaks a message in a similar way as after each move. If the agent wins, and 
the level of relief is low, and the level of satisfaction is low, it will display a neutral 
message like ‘I win’. If the level of satisfaction is higher, it will display a more 
enthusiastic message like ‘Superb match for me!’ If the level of relief is higher, it 
speaks this relief with a message like ‘I won, that is such a huge relief’. If the agent 
loses, and has a relatively neutral level of satisfaction close to 0, it will display a 
message like ‘You won’. If the agent is very dissatisfied, with a value close to -1, it 
will speak a more dramatic message, like ‘No! I lost everything!’ If the game ends in 
a tie, the agent speaks a neutral message like ‘We tied’. If the agent’s ambition was to 
win, and it wins, it will show a happy facial expression. If it loses, it will look sad. If 
the agent’s ambition was to lose, and it wins, it shows a sad facial expression. If its 
ambition was to lose and it loses, the facial expression will be happy.

3   Results

To test the application, the behavior of the agent has been tested under various 
parameter settings. All agents experimented with can be found at [30].

Agent 1: The agent tries to win

The ambition level for winning of agent 1 is set to 1, and its ambition level for losing 
is -1. The weight of the affective influences in the decision making process is set to 0. 
Under these parameter settings, the agent will always try to win. Because in tic-tac-
toe it is impossible to lose if you play it right and you do not want to lose, it is 



impossible to win of the agent. The best game outcome that can be achieved is a 
draw.
If the agent wins, it will increase its joy and decrease its distress. If the agent loses, it 
will decrease its joy and increase its distress. If you make a move the agent does not 
expect, or the game ends otherwise than expected, it will be surprised. The 
expectations of the agent can be seen on the website. If the agent thinks it is likely 
that it will win, it will have a relatively high level of hope, and if it thinks it is likely 
that it will lose, it will have a relatively high level of fear.

Agent 2: The agent deliberately tries to lose

Agent 2 has an ambition level for winning of -1, and an ambition level for losing of 1. 
This means for the agent, winning is an undesired goal, and losing is a desired goal. 
The weight of the affective influences in the decision making process have set to 0, so 
the agent will always try to lose. The only way to let the agent win is to make sure 
you don’t make three in a row, and with the last move of the agent, it can do nothing 
else than make the winning move. Because the agent wants to lose, it will increase its 
level of joy and decrease its level of distress when it loses. If it wins, it will decrease 
its level of joy, and increase its level of distress.

Agent 3: The agent decides whether it wants to win based on its money

For agent 3, the ambition level for winning and losing is dependent on its amount of 
money compared to the amount of money of the human. If the agent has more money 
than the human, it will have an ambition level for winning of -1*importance and an 
ambition level for losing of 1*importance. If the amount of money of the agent is less 
or equal than that of the human, the agent will have an ambition level for winning of 
1*importance and an ambition level for losing of -1*importance. The weight of the 
affective influences of the agent is set to 0. This causes the agent to try to win, unless 
it already has more money than the human user. If the agent has the ambition to win 
and it does, it will decrease its joy, and decrease its distress, and if it loses it will 
decrease its joy and increase its distress. However, if the agent has the ambition to 
lose, and it wins, it will decrease its joy and increase its distress, and vice versa if it 
loses. How big the increases and decreases of joy and distress are, depends on the 
importance of the game.

Agent 4: The agent is too involved with the user to win

Agent 4 is very involved with its user. It is programmed to perceive its user as good, 
beautiful, realistic, and intending to aid (designed values set to 1). It is also 
programmed to perceive its user as not bad, not ugly, not unrealistic, and not 
intending to obstruct. This causes the agent to be very involved with the user with a 
value of 0.85, and not much at a distance towards the user, with a value of 0.08 at the 
start of the simulation. The ambition level of the agent to win is defined as the 



importance of the game, and the ambition level to lose as the negation of this 
importance. The weight of rational influences in the decision-making process is set to 
0. This makes the agent want to perform actions towards the user with a high level of 
positivity, and a low level of negativity. Because actions to win the game have a 
relatively low level of positivity and a high level of negativity, the agent will perform 
actions that facilitate losing the game. Because this agent always has a positive 
ambition to win and a negative ambition to lose, winning will always increase its level 
of joy, and decrease its level of distress, and losing will always decrease its level of 
joy, and increase its level of distress. How big this increase or decrease is, is 
dependent on the importance of the game.

Agent 5: The agent is balanced, and wins sometimes, and loses sometimes

Agent 5 perceives the user with values as can be seen in Table 1. This leads the agent 
to be involved with the user with a value of 0.63, and to be at a distance with the user 
with a value of 0.26 at the start of the simulation. The ambition level of the agent to 
win is defined as the importance of the game, and the ambition level to lose as the 
negation of this importance. The rational influences in the decision-making process 
are set to 0.8, and the influences of positivity and negativity of action are both set to 
0.1. Despite having a higher ambition to win than to lose under all circumstances, the 
agent will be too involved with the user to try to win in a game for a small amount of
money. However, if the agent’s money is almost gone, or the game is about a lot of 
money, the agent finds the game so important that it will do its best to try to win.
Similarly to agent 4, if agent 5 wins, this will increase joy and decrease distress, and 
vice versa if it loses.

4   Discussion

This study presents an affective virtual agent that can play tic-tac-toe. Because it is 
equipped with Silicon Coppélia [19], an integration of three affect-related models as 
suggested in [3], it can show human-like emotional behavior.
We created five different agents, each with different parameter settings, to test the 
behavior under various conditions. We manipulated the ambition levels of the agent, 
and thereby created agent 1, an agent that always tries to win, and agent 2, an agent 
that always deliberately tries to lose. Agent 3 determines its ambition level for 
winning and losing on whether it has more money than the user or not. If the user has 
more money than the agent, it will deliberately try to lose, but otherwise it will try to 
win. Agent 4 bases its decisions in the game on emotions, and because it is designed 
to be very involved with the user, it will perform actions that facilitate the user 
winning the game. Agent 5 bases its decisions partly on emotions, and partly on 
rationality. Agent 5 always has more ambition to win than to lose. How big this 
difference in ambition is, is dependent on the amount of money that is played for. 
This results in the agent trying to win if the agent plays for a big amount of money, or 
when its money is almost gone. However, if the game is only about a small amount of 
money, the agent will be too involved with the user to try to win. Based on whether 



the agent reaches its goals (winning and losing when the agent has ambitions to win 
or lose), the likelihood of these goals, and the expectedness of the move of the user 
and the outcome of a game, the emotions joy, distress, hope, fear and surprise are 
simulated and shown by the agent by means of facial expressions.
This virtual agent presented in this paper should be seen as a pilot application. Many 
improvements can still be made, such as giving feedback in a more sophisticated 
manner. Before it can be tested in a clinical setting, we should first discuss with 
experts where the application could be improved. We should also discuss with them 
what type of behavior the agent should show under which conditions, and adjust the 
parameter settings to meet these requirements. After that, user studies should indicate 
under which parameter settings participants find the agent most human-like. 
However, experimenting with a number of agents, each with different parameter 
settings indicates that a realistic affective agent playing tic-tac-toe can be created.
Previous research already showed that interacting with a robot pet could decrease 
loneliness in patients staying in a long-term care facility. An artificial interaction 
partner that can show human-like emotional behavior might even have a greater 
beneficial effect on decreasing loneliness in patients. In future research, we intend to 
perform user studies to show whether this really is the case.
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