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Abstract. In this paper we describe the User Modeling phase of our general 
research approach: developing Adaptive Intelligent User Interfaces to facilitate 
enhanced natural communication during the Human-Computer Interaction. 
Natural communication is established by recognizing users' affective states (i.e., 
emotions experienced by the users) and responding to those emotions by 
adapting to the current situation via an affective user model. Adaptation of the 
interface was designed to provide multi-modal feedback to the users about their 
current affective state and to respond to users' negative emotional states in order 
to compensate for the possible negative impacts of those emotions. Bayesian 
Belief Networks formalization was employed to develop the User Model to 
enable the intelligent system to appropriately adapt to the current context and 
situation by considering user-dependent factors, such as: personality traits and 
preferences. 

Keywords: User Modeling, Bayesian Belief Networks, Intelligent Interfaces, 
Human Computer Interaction. 

1   Introduction and Motivation 

The field of Human-Computer Interaction (HCI) is defined as “a discipline concerned 
with the design, evaluation and implementation of interactive computing systems for 
human use and with the study of major phenomena surrounding them” [20] and 
Maybury [28] defines optimal human-computer interactions as ones where users are 
able to perform complex tasks more quickly and accurately, thus improving user 
satisfaction.  

While interacting with an intelligent system each user's responses are different 
from other users [33]. This makes it necessary to build user models that will enable 
the system to record relevant user information in order to interact with its users 
appropriately. A User Model is defined as "the description and knowledge of the user 
maintained by the system" [33]. An adaptive system should modify the user model as 
the individual user changes, because each user differs from other users and the same 
specific user may change while s/he is interacting with the system. 
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Conventional user models are built on the knowledge level of the users about the 
specific context, what their skills and goals are, and the self-report about what they 
like or dislike. The applications of this traditional user modeling include student 
modeling [2] [10] [29] [36], news access [3], e-commerce [16], and health-care [37]. 

However, none of these conventional models accommodates a very important 
component of human intelligence: Affect and Emotions. People do not only emote, but 
they also are affected by their emotional states. Emotions influence various cognitive 
processes in humans (perception and organization of memory [5], categorization and 
preference [38], goal generation, evaluation, and decision-making [12],  strategic 
planning [24], focus and attention [14], motivation and performance [8], intention 
[17], communication [4] [15], and learning [19]), as well as their interactions with 
computer systems [35].  The influence of affect on cognition and human-computer 
interaction increases the necessity in developing intelligent computer systems that 
understand users' emotional states, learn their preferences and personality, and 
respond accordingly.  

 

Fig. 1. User Modeling Integrated with Emotion Recognition 
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The main objective of our research is to create Adaptive Intelligent User Interfaces 
that achieve the goals of human-computer interaction defined by Maybury [28] by 
performing real-time emotion recognition and adapting to the affective state of the 
user depending on the user dependent specifics such as personality traits or users’ 
preferences and the current context and application. Although there are several 
possible applications of such systems, our current research interest focuses on the 
Driving Safety application. Previous research suggests that automobile drivers emote 
while driving in their cars [22] and their driving is affected by their negative 
emotions/states [18] [22] including anger, frustration, panic, boredom, or sleepiness. 
We aim to enhance driving safety with adaptive intelligent car interfaces that can 
recognize and adapt to the drivers’ negative affective states.  

We have been designing and conducting various in-lab and virtual reality 
experiments to elicit emotions from the participants and collect and analyze their 
physiological data in order to map human’s physiological signals to their emotions 
[25] [26] [27] [30] [31]. After recognizing the user's emotion and giving feedback to 
her about her emotional state, the next step is adapting the intelligent system to the 
user's emotional state by also considering the current context and application and user 
dependent specifics, such as user's personality traits. Bayesian Belief Networks 
formalization was employed to create these user models in order to enable the 
intelligent system to adapt to user and application dependent specifics. Figure 1 
represents our overall approach to the adaptive interaction of intelligent systems, by 
integrating emotion recognition from physiological signals with affective user 
modeling, in the specific case of driving safety application. 

2   Related User Modeling Research 

In the recent years, there has been a significant increase in the number of attempts to 
build user models that include affect at some level in the user model. Carofiglio and 
de Rosis' project [6] discusses the effect of emotions on an argumentation in a dialog, 
and models how emotions are activated and how the argumentation is adapted 
accordingly using Belief Networks. In the model, the user interacting with the 
system's agent is represented as the receiver. For example when a positive emotion 
"hope" is activated, the intensity of this emotion is influenced by the receiver's belief 
that a specific event will occur to self in the future, the event that the belief is 
desirable, and the belief that this situation favors achieving the agent's goal. The 
model represents both logical and emotional reasoning in the same structure. The 
model evaluates every candidate argument applying simulative reasoning by focusing 
on the current state of the dialog and by guessing the effect of the candidate on the 
receiver of argument. The difficulties encountered in some cases when classifying  
the argumentation as being 'rational' or 'emotional' increased the authors’ belief in the 
importance of including emotional factors while creating natural argumentation 
systems. In this approach the assessment of the emotion is performed in the Bayesian 
Belief Network by activation of related cognitive components. 

Affect and Belief Adaptive Interface System (ABAIS), created as a rule-based 
system by Hudlicka and McNeese [21], assesses pilots' affective states and active 
beliefs and takes adaptive precautions to compensate for their negative affects. The 
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architecture of this system is built on i) sensing the user's affective state and beliefs 
(User State Assessment Module), ii) inferring the potential effects of them on the 
user's performance (Impact Prediction Module), iii) selecting a strategy to 
compensate, and finally (Strategy Selection Module) iv) implementing this strategy 
(Graphical User Interface[GUI]/Decision Support System[DSS] Adaptation Module). 
Sensing the user's affective state and beliefs is defined as the most critical of the 
whole structure and it receives various data about the current user to identify his 
current affective state (e.g. high anxiety) and his beliefs (e.g. hostile aircraft 
approaching). The potential effects (generic effects and the task-specific effects) (e.g. 
task neglect) of the user's emotions and beliefs are inferred in the Impact Prediction 
Module using a rule-based reasoning. Rule-based reasoning is also used when 
selecting a counter strategy (e.g. present reminder of neglected tasks) to compensate 
the negative effects on the user's performance and finally the selected strategy is 
implemented in the GUI/DSS Module by using a rule-based reasoning to consider the 
individual pilot preferences. 

Conati's [9] probabilistic user model, which was based on Dynamic Decision 
Networks (DDN), was built to represent the emotional state of users while interacting 
with an educational game by also including causes and effects of the emotion, as well 
as user's personality and goals. Probabilistic dependencies between causes, effects, 
and emotional states and their temporal evolution are represented by DDNs. DDNs 
are used due to their capability of modeling uncertain knowledge and environments to 
change over time.  

Assessing users' emotional states is a very important component in both Hudlicka 
and McNeese's [21] and Conati's [8] models; however, none of these studies actually 
perform emotion recognition. Overall objective if our research is to perform both 
emotion recognition and appropriate interface adaptation and combine them in the 
same system.  The adaptive intelligent user interface described in this article 
combines both the emotion recognition process and the modeling of user dependent 
factors such as emotions and personality traits.  

3   Bayesian Belief Networks 

Bayesian Belief Network (BBN) [34] is a directed acyclic graph, where each node 
represents a random discrete variable or uncertain quantity that can take two or more 
possible values. The directed arcs between the nodes represent the direct causal 
dependencies among these random variables. 

The conditional probabilities that are assigned to these arcs determine the strength 
of the dependency between two variables. A Bayesian Belief Network can be defined 
by specifying: 

1. Set of random variables: { }nXXXX ,...,, 321
. 

2. Set of arcs among these random variables. The arcs should be directed and the 
graph should be acyclic. If there is an arc from X1 to X2, X1 is called as the parent of 
X2 and X2 is called as the child of X1. 
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3. Probability of each random variable that is dependent on the combination of its 
parents. For a random variable Xi, the set of its parents is represented as par(Xi), and 
the conditional probability of Xi is defined as: 

P(Xi | par(Xi))  

4. If a node has no parents unconditional probabilities are used. 

Unlike the traditional rule-based expert systems, BBNs are able to represent and 
reason with uncertain knowledge. They can update a belief in a particular case when 
new evidence is provided.  

3.1   User Modeling with Bayesian Belief Networks 

The Bayesian Belief Network representation of the User Model that records related 
affective user information in the driving environment is shown in Figure 2.  

User model for the driving safety application is built as a decision support system. 
There are various parameters that would affect the optimal action that should be 
chosen by the adaptive interface. Some of the parameters (i.e. nodes) of the BBN are:  

• Emotional state of the driver (represented by E, with 6 states: anger, 
frustration, panic, boredom, sleepiness, and non-negative); 

• Driver's personality traits (represented by P, with 5 states: agreeable, 
conscientious,  extravert, neurotic, open to experiments);  

• Driver's age (represented by A, with 4 states: below 25, 25-40, 40-60, and 
above 60);  

• Driver's gender (represented by G, with 2 states: female and male);  
• Safeness of the current state (represented by S, with 2 states: no accident and 

accident). 

Personality trait, age, and gender were chosen to be included in the model since 
previous studies suggest that they have influence on how people drive. For the model, 
possible emotions and states that a driver can experience are chosen as: Anger, 
Frustration, Panic, Boredom, and Sleepiness and their influence on one's driving are 
mentioned in section 1. 

Personality traits of the driver were included in the user model, because previous 
studies suggest that personality differences result in different emotional responses and 
physiological arousal to the same stimuli [23], and the preferences of a person are 
affected by her personality [32]. Questionnaires can be used in order to successfully 
identify a driver's personality. Five-Factor-Model was chosen to determine the 
personality traits [11]. Following are the personality traits based on the Five-Factor-
Model: 

• Neuroticism (High neuroticism leads to violent and negative emotions and 
interferes with the ability to handle problems) 

• Extraversion (High extravert people work in people oriented jobs, while low 
extravert people mostly work in task oriented jobs) 

• Openness to experience (Open people are more liberal in their values) 
 



426 F. Nasoz and C.L. Lisetti 

• Agreeableness (High agreeable people are skeptical and mistrustful) 
• Conscientiousness (High conscientious people are hard-working and 

energetic) [11]. 

 

Fig. 2. Bayesian Belief Network Representation of Driver Model 

These personality traits also influence the way people are driving. Celler et al.'s 
study [7] show that Agreeableness have slight negative correlation with the number of 
driving tickets and Arthur and Graziano's study [1] showed that people with low 
Conscientiousness level have higher risk of being in a traffic accident. 

Age and gender also have effect on people's driving [13]. Younger drivers are at a 
greater level of crash involvement (with a distinguished difference between 18-19-
years- olds and 25-years-olds), more likely to take risks, they tend to show increased 
level social deviance, display the highest driving violation rates, and associate a lower 
level of risk perception, whereas older drivers tend to show a greater frequency of 
drowsy driving and tend to more likely suffer from visual impairments that affect 
their driving [13]. When it comes to gender differences, men are more likely to have 
accidents because of rule violations, and they make up majority of the aggressive 
drivers. Women on the other hand, are more likely to involve in crashes caused by 
perceptual or judgmental errors and they have lower driving confidence [13]. 

The node Action (represented by A) represents the possible actions (states) that can 
be taken by the interface. These actions include:  

• Change the radio station 
• Suggest the driver to stop the car and rest 
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• Roll down the window 
• Suggest the driver to do a relaxation exercise 
• Tell the driver to calm down 
• Make a joke 
• Splash some water on the driver’s face 

The node Utility (represented by U) represents the possible outcomes of the 
interface’s chosen action in terms of an increase in the safety of the driver. This node 
is called the utility node, and the outcomes are called utilities. The three possible 
outcomes are:  

• -1 (decrease in safety, i.e. decrease in probability for no accident ),  
• 0 (no change),  
• 1 (increase in safety, i.e. increase in probability for no accident ) 

For example, if the driver was angry and the interface’s action was suggesting the 
driver to do a relaxation exercise, and if this made the driver angrier, the outcome is 
negative 1. The variables determining this outcome are Safety and Action. 

The posterior probability for Safety is calculated and it is used to calculate the 
expected utility of choosing each action. The action yielding the highest expected 
utility is chosen as the interface’s action. The formula for the posterior probability of 
each state of Safety is given by: 

( ) ( )
( ) ( ) )()|,,,(|,,,

|,,,
),,,|(

2211 SPSGAPEPSPSGAPEP

SPSGAPEP
GAPESP ii

i +
=  (1) 

Table 1. Actions with highest expected utility for different cases 

Emotion Personality 
Trait 

Age Gender Safety Interface 
Action 

Anger 
(95%) 

Conscientious 
(85%) 

40-60 Female Accident 
(14%) 

Relaxation 
technique 

Anger 
(70%) 

Neurotic 
(90%) 

Below 25 Male Accident 
(6%) 

Make a Joke 

Sleepiness 
(95%) 

Conscientious 
(95%) 

25-40 Female Accident 
(12%) 

Suggest 
stopping the car 
and resting 

Sleepiness 
(88%) 

Neurotic 
(85%) 

Below 25 Female Accident 
(9%) 

Change the 
radio station 
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The formula for the expected utility of each action is given by: 

),,,|(),(),,,|(),()( 2211 GAPESPASUGAPESPASUAEU iii +=  (2) 

The reason for choosing Bayesian Belief Networks formalization to represent the 
user model in driving environment was BBN's ability to represent uncertain 
knowledge and to update a belief in a particular case when new evidence is provided.  

3.2   Results 

The driver model created with BBN for was tested by assigning various combinations 
of events with different probabilities to the network’s variables. Table 1 shows the 
optimal action of the interface chosen by the BBN in four different cases. 

4   Discussion 

The strength of adaptive user interfaces lies in the fact that they are able to adapt to 
different users and different interactions based on the models that are built for users. 
An important component that influences users’ interaction with computer systems is 
the user itself. Human-computer interaction is affected by various user dependent 
factors such as emotional states and personality traits. For this reason we built an 
adaptive user model with Bayesian Belief Network to record relevant affective user 
information. 

User modeling is a very important part of adaptive interaction; however it is a 
difficult task especially when the existing real data is very limited. Affective 
knowledge is specifically restricted in the domain of driving safety. Currently our 
model is not complete due to the fact not all the functional dependencies can be 
calculated because of lack of enough real data. Our user model will be completed as a 
result of a collaborative effort of experts from the fields of Psychology and 
Transportation by determining the causal dependencies among the variables. 
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