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1  INTRODUCTION: THE NEED FOR A PARADIGM SHIFT 
 
The issue of how to deal with uncertainty has become one of the major subjects in 
transportation engineering and planning as advances are made in Intelligent Transportation 
Systems. Route choice is one of the daily decisions needed to be taken by travelers in an 
uncertain environment. Travelers’ choices among the available routes reflect their 
perception of the utilities associated with each route. If the utilities are perceived to be 
uncertain then the choice is influenced by the traveler’s attitude to that uncertainty.  
The most important criterion influence route-choice was found to be travel time (Outram & 
Thompson, 1977; Zibuschka, 1981). Variance in travel time may be caused by variation in 
traffic volume, weather conditions or incidents. Other causes to travel time variance may be 
partly or wholly due to the system operator’s own actions. It may be achieved by frequently 
changing ramp metering or signal programs. 
The common route-choice models are based on the assumption that the travelers are rational, 
homougene and have perfect knowledge. Most of the route choice models that have been 
developed, mainly random-utility discrete-choice models, have been studied within the 
framework of Expected Utility Theory (EUT) (Von-Neumann & Morgenstern, 1944; 
Savage, 1954). Experiments often find the predictions of utility maximization to be 
violated. As an alternative to EUT, Cumulative Prospect Theory (CPT) was suggested by 
Tversky & Kahneman (1992). CPT model captures a different pattern of risk attitudes: risk 
aversion for gains and risk seeking for looses of high probability; risk seeking for gains and 
risk aversion for looses of low probability. 
The traveler makes his route-choice decisions based on imperfect knowledge, which is 
mostly the travel times experienced by him as a feedback to his choice. But, both EUT and 
CPT were not designed to address repeated decision tasks, as route-choice selection.  
People’s rationality is restricted because of their cognitive limitations (Simon, 1957). The 
traveler doesn’t necessarily minimize the travel time when choosing a route, but he may 
adopt some simple decision rules, such as Thorondike’s (1898) law of effect. This law 
states that good outcomes associated with selecting a particular strategy increase the 
probability that this strategy will be chosen again. Erev et al. (1999) reinforcement learning 
model (REL) assumes that the individual’s choices among possible strategies can be 
described by the law of effect. That is, the probability of adopting a certain strategy 
increases as this strategy is positively reinforced and decreases when the outcome results are 
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negative. According to the REL model, each individual has an initial propensity to choose 
each of the available strategies (route choices). The probability of selecting a strategy is a 
function of the propensities. Positive reinforcement increases the propensity of the selected 
strategy, while negative payoff reduces it.  
In this work, route-choice experiments were conducted to evaluate the effect of the feedback 
mechanism on decision-making under uncertainty. The experiment results, predicted by the 
REL model, are in conflict with the paradigm about travel time variability: Increasing travel 
time variability of one route could make it more (instead of less) attractive. Hence, the 
traffic system operator may wish to enlarge the traffic to a less favorable route by increasing 
its travel time variability. This leads us to a paradigm shift about the connection between 
uncertainty in travel time and route-choice preferences. We focus on the paradigm that 
route-choice behavior is best captured by the assumption of slow adjustment process to 
immediate outcomes, rather than the assumption of expected utility maximization.  
 
 
2  EXPERIMENT DESCRIPTION 
 
Route choice experiment was conducted to evaluate the effect of the feedback mechanism 
on decision-making under uncertainty. Two scenarios of simplified route-choice decision 
tasks were studied. In the first scenario, of the two choices, one (route A) yielded an average 
travel time of 33 minutes and the other (route B) yielded an average travel time of 30 
minutes. Routes A and B had normally distributed travel times with standard deviations of 1 
minute and 7.5 minutes respectively. At the second scenario, Route A travel time had a 
probability of 50% to be taken from the normal distribution (30.5,1.5) and 50% chance to be 
taken from the normal distribution (35.5,1.5). Such travel time distribution may be achieved 
by the traffic system operator, controlling a traffic device, which cause a delay of 5 minutes. 
The only difference between the second scenario and the first one is that route A standard 
deviation was larger. The travel time distributions for both of the scenarios are described at 
figure 1. 

Figure 1 – Route A and Route B Travel Time Distributions, at scenarios 1 and 2 
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Following the EUT assumptions, the proportion of route B selections should be higher than 
the proportion of route A selections, in both of the scenarios (PB¹>PA¹; PB²>PA²). Another 
prediction of EUT is that PA¹ should be less (or equal) to PA², assuming most of the travelers 
are risk-aversed (PA¹≤.PA²). The same predictions for these scenarios are given by CPT 
model. On the other hand, noisy reinforcements were found to reduce reinforcement 
sensitivity (Erev et al., 1999). Thus should lead toward more uniform choice probabilities, 
so PA of scenario 2 is supposed to increase, compared with PA of scenario 1 (PA¹≥.PA²). 
An experiment based on the above scenarios was conducted. The subjects, 38 Israeli males 
and females, were introduced to a simple network problem described at figure 2. Each 
subject was seated in front of a computer screen. At each trial, each participant was asked to 
select one of two alternative routes to get from work to home (using a mouse). Following a 
choice, the simulated travel time was displayed. The experiment interface is displayed at 
figure 3.  
 

You are about to perform a route-choice decision making experiment. 
You have to choose one of two alternative routes, A and B, to get from your work to your home.  
You have no information about the travel time, the distance or the travel speed at neither of the      
routes. 

 
           A 
                    Work                       Home 
 
             

      B 
 

During the experiment, you will be asked to perform 100 daily trips. Every time you will be asked to  
choose one of the routes (A or B) in order to get from work to home. After a choice is made, you’ll be  
informed how long was your trip (in minutes). 

 
Figure 2 - Experiment Instructions 

Figure 3 - Experiment Interface 
 

OSPITE
106



Participants received no prior information as to the experiment’s travel time distributions.  
Calculation aids were not allowed to be used by the participants. On each trial, each 
participant was asked to select one of two alternative routes to get from work to home. 
Following a choice, a travel time (in minutes) simulated from the distributions described at 
figure 1 was displayed. The participants would had to wait (a delay function was used) and 
view the resulted travel time for at least 2.5 seconds before they were allowed to make a 
route choice for the next day. In order not to “help” the participant to have precise 
information of the history of travel times, only the last travel time was presented. 
 
 
3  THE MODEL 
 
The particular learning model we consider in this work is based on the REL model studied 
by Erev et al. (1999). Whereas we do not know the direct examination of the effect of 
controlling travel time variance on route choice selections, a related question has been 
addressed by studies that focused on adjustment to economic incentives. The adjustment 
process is extremely sensitive to payoff (reward or penalty) variance. In the route-choice 
problem, travel time may be analogical to such s payoff. It was found that increases in 
payoff variance reduce the learning speed. As variance in observed payoffs is higher, 
sensitivity to observed payoff differences is lower. The observed payoff from choosing route 
j at trip t was assumed to be the difference between the observed travel time and a reference 
point. As a reference point we choose the expected travel time from random route choice 
(31.5 minutes). The model can be summarized by the following assumptions: 
 
L1: Initial propensities: The traveler has an initial propensity to choose each route. The 
initial propensity to select route j (at trip 1) is given by qj(1). 
 
L2: Average updating: The propensity to choose route j in trip t+1 is a weighted average of 
the initial propensity (qj(1)) and the average payoff obtained from choosing j at the first t 
rounds (AVEj(t)). The weight of the initial propensity is a function of a “strength of initial 
propensities” parameter N(1). The weight of the average past payoff is a function of the 
number of times route j was actually chosen in the past (Cj(t)). Specifically, 

 
L3: Exponential Response Rule: The probability pj(t) that a traveler selects route j at travel t 
is given by: 

  
(1)   qj(t +1) =  qj(1) 

N(1)
Cj(t) + N(1)

+ AVEj(t) 
Cj(t)

Cj(t) + N(1)

 

(2)   p j(t) =   
eqj(t)λ  / S(t)

eq k(t)λ  / S(t)

k =1

m

∑
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Where the sum is over all alternative routes m, λ is a parameter that determines 
reinforcement sensitivity, and S(t) is a measure of the standard deviation of the payoffs that 
the traveler has experienced up to travel t. Thus, the probability of selecting a given route 
increases with the propensity to select it (which decreases with the average payoff from past 
selections). The division by the standard deviation measure, S(t), implies that noisy 
reinforcements reduce reinforcement sensitivity (and thus lead toward more uniform choice 
probabilities).  
The standard deviation (S(t)) is estimated by the average absolute difference between the 
recent payoff (x at travel t) and the accumulated average payoff at the first t trips (A(t)).  

For the initial value S(1) we take the expected absolute difference between the payoff of a 
random choice and “the expected payoff given random choice” (1.5 in the current setting). 

where A(1) is the expected payoff from random route choice (0). 
 
Altogether, the model has m (number of routes) initial propensity parameters (qj(1)) and two 
free parameters, λ and N(1), that represent the shape of the learning model.  
The model is simplified by assuming uniform initial propensities.  

Given that simplification, it was found that the values N(1)=30 and λ=2.8 best fit Erev et al. 
(1999) data. 
The REL model was found to provide useful predictions of behavior in many decision tasks. 
Its two parameters were found to be rather robust across decision tasks. Other studied 
models assume situation-specific parameters. These cannot provide an ex-ante prediction of 
the effect of a change in the incentive structure. 
 
 
4  RESULTS  
 
To illustrate the implications of adaptive learning models to the controlled travel time 
variability strategy, Figure 4 presents the predictions the REL model in the two described 
scenarios. The left side presents the prediction of the REL model (proportion of route A 
selections in 5 blocks of 20 trials each). The right side shows the experiment results.  
 
REL model captures the time effect that is not addressed by the EUT and CPT static models. 
Notice that all of the models, EUT, CPT and REL predict that the final preference for route 
B is higher than the final preference for route A (PA<PB), But only REL captures the fast 
learning to prefer B in scenario 1, and the slow learning to prefer B in scenario 2, i.e., the 
proportion of route A selections will be higher when travel time variance is increased 

(t))W'-1(x  (t)A(t)W'  1)A(t   )(   :mannersimilar  ain  calculated is A(t) payoff average The +=+5

 (3)   S(t +1) =  S(t)W' (t) +  A(t) - x  (1- W' (t))

  
where :           (4)   W' (t) =  

t + mN(1)
t + mN(1) +1

  In particular we set :             (6)      qj(1) = A(1)           ∀ j
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(PA¹<PA²). Also, only REL is able to produce numeric predictions to Pj, since both EUT and 

CPT were developed for one-shot decisions type. 
 

Figure 4 - Proportion of Route A Selections in Scenarios 1 and 2. 

 
 
5  SUMMARY AND CONCLUSIONS 
 
We showed that as the variance in travel times is higher, travelers’ sensitivity to travel time 
differences is lower. Specifically, it was found that increasing travel time variability of one 
route could make it more attractive. This affects the selections proportion of a specific route, 
and causes different results than those predicted by EUT and CPT, but predicted by the REL 
model. Thus, we should consider using it as a methodology for route choice selection 
instead of the common EUT models.  
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