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ABSTRACT 

Elicitation of expert knowledge is a structured approach to consult experts on uncertain subject and 
where there is insufficient knowledge. Expert elicitation is most often used in identifying, developing 
and quantifying the unknown parameters in a causal model. In modelling human behavior during an 
emergency one has to deal with   uncertainties with often limited or incomplete knowledge database. 
This paper is an extension of an earlier work that identified factors affecting human behavior during 
an emergency. The factors, stressful conditions, individual’s ability in assessing a danger and 
information regarding the threats were captured in a graphical representation called the Bayesian 
Network (BN). This study focuses on the quantification phase of the model by conducting an expert 
elicitation exercise which aims to extract the expert’s knowledge on the inter-dependencies of the 
factors involved. The experience builds on the semi-structured interviews with the expert who 
participated in the analysis to give their beliefs by quantifying the relationship of variables using a 
probability scale. In order to cope with eliciting a large number of probability values from the experts, 
an elicitation using the Bayesian Belief Network (EBBN) procedure has been carried out. The EBBN 
requires only a limited amount of elicited probabilities from the experts and uses piecewise linear 
interpolation to determine the conditional probability of the target variables. The generated 
probabilities obtained are then used to make inference on the model by inserting and propagating 
the appropriate evidences throughout the network. Result of the analysis shows that an individual 
would make a decision to evacuate from a dangerous situation when there is a medium level of 
stressful conditions experienced, which is dependent on having enough information about the threats 
received and a high ability in assessing the danger. The finding suggests that formal expert elicitation 
can support human behavior research when there is limited available knowledge. This research 
generated many useful insights from the experts involved in the elicitation exercise. The feedback 
and recommendations for enhancing future procedures with multiple experts are highlighted based 
on the lessons learnt. Future work of the study should test the validity and sensitivity of the network. 
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1. Introduction  
 
Evacuation is the immediate and rapid movement of people away from the occurrence of a potential 
or actual threat. Thus, the decision making process in emergencies is different from the normal or 
usual situations since the individuals have limited time to consider every available options that they 
have in order to  survive. Some of the issues that need to be considered when modelling human 
factors in an evacuation process are understanding the characteristics of those who evacuate and 
those who do not, what factors and how important those factors are when they make their 
decisions. 
 
A probabilistic graphical model called the Bayesian Network (BN) is one of the method that can 
provide information on the relationship among the evacuation factors and is able to estimate the 
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resulting behaviour. To date, some researchers have applied BN in computer simulation programs to 
predict people’s behaviour when facing an emergency based on different factors of human 
characteristics, building layout, source of hazards, etc. (Hanea & Ale, 2009; Hanea, Jagtman, & Ale, 
2012; Lee & Son, 2009; Pires, 2005; Sarshar, Granmo, Radianti, & Gonzalez, 2013; Sarshar, Radianti, 
Granmo, & Gonzalez, 2013). Unfortunately, not many researches that focused on the human factors 
itself, their detail levels and how they interact in response to decision or action during emergencies 
are found in the literature. This is due, in part, to the difficulty in collecting real behavioural data 
such as broad aspects of human physical as well as issues of perception, role and decision making 
(Gwynne, 2012). In this regard, the help of experts in the field (e.g. in the field of human behaviour) 
is needed in providing substantial input to fit the model when recorded data is not available.  
 
This present study is an extension of an earlier work that had identified the detailed level of basic 
human factors in an evacuation using a BN model. The previous study by Ramli, Ghani, Hashim and 
Hatta (2015) made use of an expert judgement exercise to develop the qualitative part of the BN, 
i.e., the causal relationship of all the factors involved. This study focuses on quantifying the 
developed model in order to make inference on the human behaviour during an evacuation. The 
objective of this paper is to propose a quantitative BN model of human behaviour in an evacuation 
using an expert judgement exercise.  
 
The paper is organized as follows. Section 1 is a summary of the research background while Section 
2 gives an overview of the BN. Section 3 describes the methodology used to elicit probabilities in the 
BN human behaviour model. Section 4 presents the results and discussions while Section 5 contains 
conclusions and suggestions for future work. 
 
2. Bayesian Network 
 
BN is established in a wide variety of applications to provide cause-effect relationships of variables in 
a compact manner. This is because of it’s ability to capture the probabilistic relationship between 
variables, combine different sources of data and does not require a specific distribution type to the 
data like other statistical techniques (Neapolitan, 2004). A BN gives a graphical representation of 
events that occur as a directed acyclic graph, i.e., a directed graph without cycles, which contains the 
parent’s node (variables that are causes of a particular node) and child’s node (the consequence of 
that node). A causal relationship between the two nodes is quantified by the conditional 
probabilities which are represented in a conditional probability table (CPT). Each probability in a CPT 
represents the probability of a certain state in a child node given a set of parent states. The causal 
relationship and values of the CPT are usually estimated from available data, or can be determined 
on the basis of expert knowledge. The principles behind BN are the Bayesian statistics that 
concentrate on the calculation of the belief of events given observation of other events, called 
evidence.  They are based on the following three equations: 
 
The joint probability of child and parent nodes is given by 
 

 (          )   ∏  (  |        (  ))
 
                                                                                       (1) 

 
where   *          +  is the set of random variables assigned to the child nodes.  
 
The marginal probability is given by 
 

 (  )  ∑  (    )  (    |    )                                                                                            (2) 

 
Let us assume new evidence   is found.The Bayesian inference rule is then given by: 
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3. BN model for human behaviour during an emergency 

A review of literature regarding human behaviour during an emergency situation has been done as 
part of the research to model the cause-effect relationship among variables (see Ramli, Ghani, 
Hashim & Hatta, 2015). Generally, human behaviour can be classified into four broad categories: 
physical, psychological, sociological and situational factors. The scope of this paper is limited to the 
psychological and situational factors that have an effect on human behaviour. According to Figure 1, 
the human decision-making process in an emergency is dependent on the amount of stress they 
experienced, which constitutes their ability in assessing the danger and having enough information 
about the threat. Full explanation of all the variables and their possible states are as shown in Table 
1.  
 

 
 

Figure 1: BN model for human behaviour in emergency 
 
 

Table 1: Variables in BN model of human behaviour 
 

Variables  Definition States 

Danger 
assessment 
ability (DA) 

Ability to perceive and assess threat 
/dangerous situation 

Low High 

Information 
about threat (IT) 

Knowledge about cues of unusual 
situation such as presence of smoke, 
ringing of emergency alarm, etc. 

Low Medium High 

Stress Level of stress experienced by 
occupants in emergency 

Low Medium High 

Evacuation Decision made to move or stay Evacuate Not evacuate 

 
 
 
 
 
3. Probability elicitation 
 
When the network structure has been set up, the probabilities in the CPTs of the network need to be 
defined. When data is unavailable, the source of information on the probabilities is from expert 
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judgement through a procedure called expert elicitation (Fenton & Neil, 2011). It can be particularly 
difficult for an expert to assign probabilities for events, especially for non-statistician experts. 
Therefore, different methods, either direct or indirect, have been developed to help these experts. 
The  direct method is a method where the experts give their degree of belief as a number directly, 
e.g. a probability. The indirect methods are from the field of decision analysis where the expert can 
make inference about his belief (Renooij, 2001). However, these methods tend to be impracticable 
when a large number of probabilities are to be assessed or when they involve busy decision makers. 
In fact, the elicitation task requires a tiresome or repetitive work to perform transmission of 
knowledge even for a simple BN (Jensen, 1996).  
 
This study utilized a special probability elicitation procedure for BN, called the EBBN,  proposed by 
Wisse, Gosliga, Elst and Barros (2008) to relieve the expert’s burden in the elicitation process. To 
simplify the task of assessment required in this procedure, the expert has been aided with a well-
known numerical probability scale. It is a horizontal or vertical line divided into several intervals 
showing the linguistic terms (such as improbable, uncertain, expected, probable) assigned to 
corresponding probability values to help expert put his belief (Renooij, 2001). The process of 
elicitation involved an expert in the field of psychology who has an extensive knowledge and 
research experience in the human psychology and behavior. The interview process was undertaken 
at the Universiti Sains Malaysia (USM), Penang, Malaysia. The example of the scale used and 
questionnaire can be found in Appendix A.  
 
3.1 EBBN procedure 
 
The EBBN method requires only a limited amount of elicited probabilities from an expert to derive a 
node's CPT. Based on the ranks of the parent nodes' states, it uses the piecewise linear interpolation 
to determine the CPT. The EBBN method only requires the expert to assign as many rows of the CPT 
as there are child states and one weight for each parent node. The remaining section describes the 
procedure of EBBN. 
 
3.1.1 Expert assessment 
 
Let    be a discrete random variable of a child node in BN,    be the set of parent nodes and the 

conditional probabilities of the child node given its parent is denote with   (  ). First, the method 
requires that the states of the child node,    and the states of the parent nodes,      (  ) be 

ordered from the lowest to the highest value. Note that     can either have a negative or a positive 

influence on   . Next, for each of the states    of   , the assignment of   (  )      is determined 

such that the probability  (     |   ) is as large as possible, then the conditional probability 

value  (  |   ) is assessed by the expert. In this study, the expert concluded that both parent 

nodes have a positive influence on the “Stress” node and the assignment states of parents     are 

    = [DA=low, IT=low],         = [DA=high, IT=medium] and       = [DA high, IT=high]. The 

assessments of  (  |   ) made by expert are as shown in Table 2.  

 
 
 
 
 

Table 2: Assessment of probabilities from expert for node “Stress” 
 

                (       |   ) 

low 0  (      |    )       
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 (         |    )       
 (       |    )       

medium 0.5  (      |       )      
 (         |       )      
 (       |       )      

high 1  (      |     )       

 (         |     )       

 (       |     )      

 
 
3.1.2 Deriving the conditional probabilities table  
 
A CPT can be determined in a twostep procedure. In the first step,  (     ) is estimated as a 

function of the joint influence factor       ,    (      ) for each state    of   .        is a function to 

express the general tendency of all combination of parents to child states.  For example, 
              ,                    and                 (see Table 2). The individual influence 

factor,        that contains information about the influence of each parents individually are also 
calculated. In this case,       for each state of parent nodes are:         ,   - and         
,       -. The piecewise linear function     ,   -  ,   - is constructed through the points 

[      (   )  (     |   )]. This ensures that the sum of the probabilities for the different values 

of    equals to 1. Next, the conditional probabilities can be derived as the weighted average over 
the distributions   (  | ) as follows: 
 

 (     |  (  )   )  ∑   
∫    .      ( )/         ( )
      
      

             
     |  

(  )

 

 
where 

          .    (   
 
)       ( )/ 

          .    (   
 
)       ( )/ 

   is the weight of each parent. 
 
 
Note that the determination of each parent’s weight is either directly estimated by the expert or by 
a simple algorithm proposed by Wisse, such that ∑     

 
   . The complete algorithm of parent’s 

weight can be found in Wisse, Gosliga, Elst and Barros (2008). Using this algorithm, we obtained the 
following weights of DA = 0.1953 and IT = 0.8407. Table 2 shows the value of 
   *               + ,         and  (  | ) as assessed by the expert in this study whereas 

Figure 2 shows an example of the average probabilities  (     |   ) over the intervals of 

individual influence and joint influence factor.  
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Figure 2: Example of the average probabilities when      <        

 
 
4. Result and discussion 
 
The resulted CPTs are displayed in Table 3, where the assigned rows of probabilities have replaced 
the generated CPT (represented with bold fonts). The estimated marginal probabilities for the target 
variable “Stress” and “Evacuation” can be derived using Bayesian rules (Eq. 1-3) and are presented in 
Figure 3. The result indicates that there is a chance of about 70% that people will make a decision to 
evacuate from a hazardous situation when they experienced a medium level of stress (35%).  

Table 3: Conditional probability of variable “Stress” 
 

Child node Parent node 

 Danger 
assessment 

ability 

 
Low 

 
High 

Information 
about threat 

Low Medium High Low Medium High 

Stress Low 0.8 0.4 0.1 0.5 0.1 0.05 

Medium 0.15 0.4 0.4 0.3 0.6 0.25 

High 0.05 0.2 0.5 0.2 0.3 0.7 

    

 
 

Figure 3: Estimated marginal probabilities for BN model 
 

To further justify the above result, an inference analysis is conducted by inserting and propagating 
the appropriate evidence throughout the network. Thus, the effect of this change on all the 
remaining variables of the network can be immediately obtained, i.e., we can obtain the updated 
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marginal probability values of all variables. For instance, assuming that a successful evacuation has 
occurred (100% evacuate), and it is requested to infer the degree to which this consequence was 
related to root causes. As presented in Figure 4, it can be seen that the success of the evacuation is 
largely influenced by a moderate stress level (57%), which is contributed from the high level of 
ability in assessing a danger (52%) and a moderate information level about the threat (38%).    

 

 
 

Figure 4: BN inference of cause identification given the evacuation occur 
 

5. Conclusion 
 
BN model of human behavior in an evacuation which presents the interdependency among human 
factors is quantified in this study. This paper proposes the use of EBBN elicitation method with the 
help of expert knowledge. Findings of the study suggest that the success of an evacuation can be 
achieved when people experience a moderate level of stress and have a good ability in assessing a 
dangerous situation even with an average level of information regarding the threat. The process of 
quantifying the BN resulted in an informative experience. We found that the expert struggled to 
provide the subjective probabilities especially when measuring dependability of many variables. 
Furthermore, the use of a probability scale is prone to have a scale bias when the expert has a 
tendency to use the point-based value assigned, instead of considering the spread of other values 
over the scale. This research is ongoing and we will continue to explore a hybrid solution between 
BN with other elicitation methods to provide some relief for the experts. Further analysis should test 
the validity and sensitivity of the network in providing a more reliable inference of the human 
behavior in an evacuation.  
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Appendix A. Examples of questions for elicitation procedure 
 

Questions Answer 
Please mark (*) in probability scale 

1. Consider a person with low ability to 
assess a danger and have less information 
about the danger (such as did not aware 
the presence of smoke or ringing of 
emergency alarm). How likely is that this 
person will perceive low stress level 
during emergency? 
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2. Consider a person with high ability to 
assess a danger and have moderate 
information about the danger (such as 
aware the presence of smoke or ringing 
of emergency alarm). How likely is that 
this person will perceive low stress level 
during emergency? 

 

 

3. Consider a person with high ability to 
assess a danger and have enough 
information about the danger (such as 
can see the fire and hear ringing of 
emergency alarm). How likely is that this 
person will perceive low stress level 
during emergency? 
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