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INTRODUCING SOCIAL ASPECTS TO MULTI-AGENT 
SIMULATIONS OF TRAVEL BEHAVIOR 

Erel AVINERI1 

Abstract. Common multi-agent simulations aggregate the behavior of 
autonomous agents. Better understanding of social aspects of travel behavior may 
improve the development of multi-agent simulations. In this paper some basic 
aspects of social behavior are demonstrated using the results of a lab experiment. 

1. Introduction 
Many analyses of traffic-network systems are based on the presence of network 
equilibrium. Common travel-choice models represent only a limited variety of cognitive 
and social processes which underlie travelers' behavior. Analysis of travel choice behavior 
in iterative tasks and immediate feedback reveals deviations from rational behavior (see, for 
example, [1],[3]). Some of these issues may be addressed by agent-based simulation. The 
prediction value of an agent-based model may be much improved when cognitive and 
behavioral aspects of travel behavior are considered. 

Every transport system may be described as a Social System, composed of individuals 
who interact and influence the behavior of each other. While in most of the transport 
applications, we are interested to study the behavior of the totalistic system as the prime 
focus, the tools used by transport planners tend to focus on the behavior of the individual 
traveler.  

Much of the traffic simulation applications is focused on sequential decision-making 
process, where all agents are assumed to make simultaneous and repeated decisions. A 
common assumption is that each agent makes an individual decision, followed by 
information about decisions/outcomes by other agents in the previous time period. It is 
common to describe the traffic system as non-cooperative agents game, assuming travelers’ 
behavior is selfish by nature (optimizing own performance without considering others). 

The analysis of travel behavior in general, and specifically route-choice behavior, is 
typically disaggregated, meaning that common models represent the choice behavior of 
individual decision-making entities, may them represent individual travelers or households. 
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However, to only aggregate individuals' choices ignores the functions and the 
characteristics of social systems. Attention should be given to interactions between 
individuals who are part of a social system, and to other social aspects of travel behavior. 
Some of the social aspects of dynamic travel-choice behavior we are specifically interested 
about include the following: 

Social Learning: One of the general principles of social learning theory is that people 
can learn by observing the behavior of others and the outcomes of those behaviors. 

Social Imitation: This form of social heuristics may be captured by the phrase “when in 
doubt, follow others” [7].  

Altruism: is defined by behaviorists as “being costly acts that confer economic benefits 
on other individuals” [4]. 

Route/Path-choice is one of the major key issues in the development of traffic 
simulations. This paper presents an investigation of the characteristics of group behavior in 
a path-choice situation according to the principles of social learning.  

2. Two Measures 
For a better understanding of the decision mechanism of our subjects we organize the data 
according to two measures: stability and efficiency. Next, we explain these measures and 
their motivations. 

2.1. Stability  
At each turn t, stability is measured by the proportion of subjects who continue to choose 
the action they chose at turn t − 1. For each network a stability variable is denoted by St and defined by  
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where xit is the strategy (path) chosen by traveler i at turn t, and St is a measure of the 
average stability at turn t. 

With regard to aspects of traffic flow, it is important to mention that the stability of pre-
route switching, as described above, does not necessarily positive correlated with en-route 
switching (see [8]), which may be related to other stability measures. 

2.2. System Efficiency 
As a measure for the efficiency of decisions, we propose the ratio between a resulted 
aggregated utility at turn t and the social optimum. 
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The (dis)utility of traveler i in turn t, u(xit), is represented here by the travel time 
experienced by the same traveler. The system optimum in turn t, ut(SO), is represented as 
well by travel time units. 

Mahmassani and Jou [6] have found out that commuters receiving complete information 
are switching less than those being informed only about their own performance on the 
pervious day for experiment. 

3. Experiment 
In this work, a path-choice experiment was conducted in order to evaluate the effect of the 
feedback mechanism on decision-making, in a social system. 

The subjects were 33 undergraduate students from the Ben-Gurion University of the 
Negev, Israel (Department of Health Systems Management). The students have been 
familiar with each other before the experiment. The students had some background with 
operations research, but not with network theory and concepts of equilibrium. 

In the first part of the experiment, subjects were introduced to a simple network 
problem shown in Figure 1. They were introduced with the following functions to calculate 
paths’ travel times. 

Path travel time (min.):        
5.3

15 1
1

F
t +=  ;

5.3
15 2

2
Ft +=  

where F1 and F2 represent the traffic volumes on path 1 and path 2, accordingly. 

  
(a) network                    (b) path 1             (c) path 2              (d) path3         
Figure 1. The Traffic Network (a) and three possible paths (b-d) 

(the third path (d) was available only on in the second part of the experiment) 

On each trial, each participant was asked to choose one of the two alternative paths. The 
subjects were given about 30 seconds to write down their choices. After all the subjects 
made their choices, each path’s travel time was calculated by the author. The subjects, 
provided with this information, were asked to make another choice. This stage was repeated 
four times. 
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In the second part of the experiment, a third path was introduced (see figure 1(d)). The 
subjects were introduced with the following function to calculate path’s 3 travel time:  

Path’s 3 travel time (min.):        
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where F3 and represents the traffic volume on path 3. 
The subjects were asked to follow the same procedure, making a choice out of three 

available alternatives. The second choice problem was repeated four times at all. 
The above set of problems was formed in order to reflect the Braess Paradox [2]: adding 

an extra path in a network does not necessarily reduce congestion and can even increase it. 
The traffic equilibrium resulted by Wardrop’s principles on the first part of the experiment 
is derived by equal proportion of traffic volume on each of the paths, and a travel time of 
19.7 minutes is expected. Introducing the third path on the second path of the experiment 
leads to a different user equilibrium, where most of the travelers are supposed to choose the 
third path, and a travel time of 22.5 minutes is expected. 

We were interested to find out whether the subjects will adopt a selfish behavior, 
reflecting individual utility maximization (as represented by user equilibrium) or will their 
behavior lead to a higher level of system efficiency (closer to the system optimum). 

4. Experimental Results 
Figure 2 presents the experimental results, as well as the predicted choice by User 
Equilibrium (UE) and System Optimum (SO), described as the proportion of each path 
choices over the 8 turns.  
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Figure 2. Proportion of path choices: (a) UE; (b) SO; (c) Experimental Results 

We characterized social aspects of dynamic choice behavior in terms of stability and 
efficiency, as described in section 2.  The main findings are: 

1. Low level of stability, on average 56%, which is much closer to a random choice 
stability (50%/33%) than to a theoretical value of stability of a cooperative system 
(100%). The level of stability is not increased over time. Support for these findings 
is presented in figure 3a which describes the average level of stability, St, during the experiment. 
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2. Evidence to oscillation at the first part of the experiment. These oscillations may be 
explained by an overestimation of travelers’ propensity of the more attractive 
alternative in the recent turn. The low level of stability may be explained by these 
oscillations. In general, it has been shown by simulation studies that route choice 
based on social learning models can lead to oscillating aggregated behavior, where 
traffic volumes are not converged to a single equilibrium [5]. The traffic system is 
unstable when travelers are provided with the travel time information on the routes 
they did not take [8]. 

3. Path’s 3 choices in the second part of the experiment are much lower than the 
choice proportion predicted by user equilibrium (see figure 2). This led to system 
efficiency (Et) which is closer to the system optimum rather than to the user 
equilibrium (see figure 3b). There may be different explanations to the low 
proportion of path’s 3 choices: 
• Altruism: Although the experiment design did not support direct co-operation, 

the subjects have been familiar with each other before the experiment. An 
implicit co-operation may led to a higher level of system efficiency. 

• Payoff Variability Effect: during the first part of the experiment, the average 
proportion of path’s A choices is almost the same as path’s B choices (49% and 
51%, accordingly). This pattern of choice may be explained by the network 
symmetry. However, the uniform path choice during the second part of the 
experiment (32%,34%,35%) cannot be explained by an equilibrium-based 
mechanism. The Payoff Variability Effect [1,3] may provide us with an 
explanation: in repeated-choice situations, an increase in payoff variability 
seems to move choice behavior toward more random choice. Here, introducing 
a third alternative caused more variability in travel times. Which of these 
effects (Altruism, Payoff Variability) provides a better explanation to the 
resulted level of efficiency? This remains as an open question that calls for a 
further research. 
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Figure 3. Levels of Stability (a) and Efficiency (b) in path choices. 
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5. Conclusions 
According to the results described in this paper, we are suggesting the inclusion of social 
aspects in applications of traffic simulation. Can real-world travel behavior be explained by 
the reported experimental results? We are afraid that a definite answer is not available.  In 
order to analyze the concepts discussed in this paper there is a need in much further 
descriptive research. The importance of social aspects in simulations of travel-choice 
behavior should lead to a need in setting the perspective on a focal system, and not only on 
the individual. The design of Advanced Traveler Information Systems (ATIS) may be 
gained by this research as well; it remains an open research question how to design an 
ATIS that ensures convergence to traffic equilibrium in realistic settings. In particular, there 
is a need for further research about the effect of information on traveler’s decision making 
process, and the social aspects that are involved in such mechanisms.  
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