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ABSTRACT 
 
 
Search, Information, Learning, and Knowledge in Travel Decision-Making 

A Positive Approach for Travel Behavior and Demand Analysis 

 

Lei Zhang  

Department of Civil Engineering, University of Minnesota 

 

Travel demand models provide a foundation for transportation systems analysis, 

transportation planning, and policy studies. They are based on theories of travel behavior 

that describe individuals’ travel decision-making processes, which are complex, 

constrained, multidimensional, and dynamic. The normative theorization of travel 

behavior, seen in a long thread of research that assumes perfection information and 

rationality, does not meet the emerging needs of developing advanced travel demand 

models both for its lack of behavioral realism in complex decision situations and for 

computational difficulties as choice dimensions increase.  

This dissertation addresses this fundamental issue and aims to develop a coherent 

positive approach for travel behavior and demand analysis. First, a positive theory of 

travel behavior is developed, which avoids assumptions of complete information and 

perfect rationality. Instead, the proposed SILK theory defines and illustrates subjective 

factors related to the travel decision-making process, including spatial knowledge, belief, 

information acquisition, learning, perception, and heuristics, and explains how travel 

behavior is formed and adjusted as the result of interactions among these factors. In 

addition, the SILK theory combines quantified spatial knowledge, behavioral search 

rules, and Bayesian learning principles to provide a quantitative framework for 

developing positive travel demand models.  
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This research also identifies modeling methods and data needs for the proposed 

positive approach. A behavioral route choice model is specified, estimated, and validated 

with positive principles. Modeling methods employed include knowledge representation 

and acquisition for empirically deriving individual search and decision rules, and agent-

based simulation for linking individual behavior to system-level demand. Two empirical 

studies collect process data, defined as observations of the decision-making process, for 

the model development using survey and experimental techniques. This modeling work 

demonstrates that the SILK theoretical framework is able to produce fully operational 

models of travel decisions. It also shows what and how process data can be collected for 

constructing positive travel demand models.  

The behavioral model developed is also applied to two typical planning and 

policy analysis scenarios, so that some practical conclusions can be drawn. The first 

application finds the network flow patterns under the positive assumptions of the SILK 

theory (defined as the Behavioral User Equilibrium), as well as under normative 

assumptions (Deterministic and Stochastic User Equilibria) on the Twin Cities road 

network. A comparison of these demand patterns reveals consequences of different 

behavioral assumptions, and their implications on planning and advanced traveler 

information systems. The second application introduces a major change to the network 

supply, and evaluates the impacts using the positive approach. The system change 

considered corresponds to the shut-off of freeway ramp meters in the Twin Cities in Fall 

2000. These applications also exhibit the superior capability of the proposed positive 

approach, as certain results from the positive model cannot be obtained from the 

traditional normative approach.     
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CHAPTER 1. INTRODUCTION 

 

 

Travel demand analysis investigates who, when, where, and how individuals travel. It 

provides the basis for transportation planning and policy analysis. In order to achieve 

system objectives such as efficiency, equity, reliability, and sustainability, it is necessary 

to obtain accurate and precise estimation of future travel demand and demand responses 

to various supply-side and policy changes. In practice, travel demand models are applied 

to assess future infrastructure needs, to evaluate revenue mechanisms (taxes and tolls), 

and to estimate demand impacts of land use changes, economic development, and various 

traffic management systems.  

 

It is useful to recognize that transportation is a complex system where system-level 

properties emerge from the behaviors of and the interactions among a large number of 

individual decision makers. Macro-level travel demand emerges from individuals’ travel 

behavior and decisions. Individuals’ travel behavior is multi-dimensional, including 

residential and work location, auto-ownership, destination, scheduling, mode and route 

choices. Travel behavior is also evolutionary in nature as individuals accumulate 

experience, gather new information, learn about the transportation system, make 

decisions, and adjust behavior continuously. Travel demand models should be developed 

based on theories of travel behavior and the micro-level travel decision-making process.    

 

Complexity in travel demand analysis arises from several aspects. First, each individual 

possesses different knowledge about the transportation system and makes a large number 

of travel-related decisions based on experience and certain subjective decision rules. 

Second, an individual’s travel behavior affects others’ behavior because the 
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transportation system has limited supply and congestion occurs. Third, estimating the 

actual travel cost is not trivial, though it is necessary for understanding behavior. Total 

travel cost includes not only physical individual and social costs such as time, energy, 

and pollution, but also the mental effort involved in searching for alternatives and making 

decisions. These complexities force travel demand modelers to make significant 

simplifications. Certain dimensions of travel behavior such as scheduling are drastically 

simplified so that an operational model can be obtained. An important set of assumptions 

that have facilitated travel behavior analysis and demand modeling can be referred to as 

normative assumptions. These assumptions yield a normative theory of travel behavior 

that claims individuals are rational, have perfect information, and always maximize 

utility.       

 

Simplifications imply limitations. The limitations of the aforementioned simplifications 

and assumptions in travel analysis did not appear serious when the majority of 

applications of travel demand models only required a big-picture description of future 

traffic flow patterns.  Recent years have witnessed growing needs for travel demand 

models to be capable of evaluating more sophisticated policies and innovative control and 

information systems. Notable instances include road pricing policies, travel demand 

management measures, and advanced traveler information systems. These new tasks soon 

revealed the deficiencies of the traditional sequential travel demand models that do not 

treat individuals as the basic units of analysis, especially their inability to consider the 

evolution of congestion during a peak period.  

 

Newer activity-based and micro-simulation travel demand models consider more 

dimensions of travel choices, but many lack a consistent theory of travel behavior. The 

normative description of travel decision-making does not meet the needs of developing 
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sophisticated travel demand models where the consideration of each individual’s 

decision-making process is necessary. The tautological nature of the rationality 

assumptions, wherein individuals maximize utility which is defined as what people 

maximize, makes it impossible to reject them, though their description of human behavior 

is obviously unrealistic in complex decision situations. The normative theory of travel 

behavior, as a basis for travel demand modeling, also encounters other problems. When 

the size of the transportation system increases, and individuals face a large number of 

choice combinations, non-linear increase in computational loads occurs when models 

assume perfection information and replace the decision rules individuals actually use to 

make decisions with optimization principles. However, an alternative theory of travel 

behavior is lacking. Theories that do not make normative assumptions, but instead 

explain what individual actually do represent a positive approach for behavioral studies. 

With rationality assumptions causing algorithmatic and computational issues and a 

coherent positive description of travel behavior being non-existent, many modelers 

choose to make plausible assumptions about the decision-making process and focus on 

model calibration and verification. The result is that some models use both heuristic 

behavioral rules to describe the decision process and utility maximization to derive 

decisions, which causes an inconsistency in the model structure. What is more serious is 

that without a clear micro-behavioral foundation, the predictive accuracy of travel 

demand models is questionable.  

 

This dissertation addresses these problems in travel behavior theory and travel demand 

modeling in three steps. First, a positive theory of travel behavior is developed, which 

avoids assumptions of complete information and perfect rationality. Instead, the proposed 

theory defines and illustrates subjective factors related to the travel decision-making 

process, including spatial knowledge, belief, information acquisition, learning, 
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perception, and heuristics. It further explains how travel behavior is formed and adjusted 

as the result of interactions among these subjective factors. This positive account of 

individual travel behavior is entitled the SILK theory for its emphasis on the role of 

search, information, learning, and knowledge in travel decision-making. Important 

research questions of why, how, and when individuals change behavior can be explored 

in the proposed positive approach. In addition, the SILK theory combines quantified 

spatial knowledge, behavioral search rules, and Bayesian learning principles to provide a 

quantitative framework for developing positive travel demand models. Aside from the 

expected improvement in demand analysis, developing a positive theory of travel 

behavior itself should be a worthwhile undertaking as it improves our knowledge about 

how individuals’ travel decisions are actually reached in reality.   

 

The second step involves the development of a behavioral route choice model under the 

SILK theoretical framework. This modeling work contributes to travel demand modeling 

in several ways. It demonstrates that the positive approach is able to produce fully 

operational models of travel decisions. It also shows what and how process data (defined 

as observations of the decision making process) can be collected for constructing positive 

travel demand models in two empirical studies. This research also identifies two groups 

of modeling methods particularly suitable for developing behavioral demand models. 

Artificial intelligence methods are used to extract individual search and decision rules 

from data. Agent-based methods aggregate individual behavior into system-level demand 

patterns.   

 

In the final step, the positive model of route choice decisions is demonstrated in two 

applications. The first application finds the network flow patterns under the positive 

assumptions of the SILK theory (defined as the Behavioral User Equilibrium) and under 
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normative assumptions (Deterministic and Stochastic User Equilibria) on the Twin Cities 

road network (7976 nodes and 20194 links). A comparison of these demand patterns 

reveals the potential systematic prediction biases associated with normative assumptions. 

The second application is a typical system analysis task in which a major system change 

takes place and its impacts need to be analyzed. The system change considered is the 

shut-off of the freeway ramp metering system in the Twin Cities in Fall 2000. These 

applications also exhibit the superior capability of the positive approach because many 

results from the behavioral route choice model cannot be obtained from the traditional 

normative approach.     

 

The remainder of this introductory chapter is organized as follows. The following section 

extends the opening discussion of emerging issues in travel behavior and demand studies, 

which provides further motivations leading to this research. The next section summarizes 

expected research contributions. The organization of this dissertation is then discussed in 

some depth to offer an overview of the research plan.   

 

1.1. Motivations and Research Objectives 

 

Demand emerges from individual choices.  Demand analysis therefore inevitably relies 

on some assumptions of individual behavior.  It is fair to comment that a demand model 

lacks behavioral foundation if it does not treat individuals as the basic units of analysis.  

Behavioral or positive demand analysis investigates the actual user behavior using 

various empirical and experimental techniques. In contrast, normative models are based 

on rational behavior theory such as utility maximization that effectively assumes an 
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equality sign between what users actually do and what they should do according to 

normative standards.     

 

In travel demand analysis, the decision-makers are individual travelers and households.  

Travel demand results from multi-dimensional and possibly hierarchical choices 

including location, auto-ownership, activity participation, scheduling, destination, mode, 

and route choices. The traditional trip-based travel demand models (specified as either 

sequential models or combined equilibrium models) treat individual trips as the basic 

units of analysis. In some steps such as trip generation and distribution, statistical 

procedures are often used to associate travel demand with some aggregate variables 

indicating the amount of social and economic activities in a spatial analysis unit. The lack 

of a micro-behavioral foundation in the trip-based approach causes its inability to capture 

certain dimensions of travel behavior, notably scheduling choices that are crucial for 

accurately estimating peak-period congestion and demand responses to congestion-

mitigation policies. The currently proposed cure is a collection of methods and models 

under the common designation of the activity-based approach.   

 

The activity-based approach recognizes that travelers and households are the actual 

decision makers, and that travel demand is derived from travelers’ desire to participate in 

spatially-dispersed activities.  However, a major research question in activity-based travel 

demand modeling can be stated as follows: Since there are easily trillions of possible 

activity patterns with various combinations of activities, their locations, starting times, 

durations, modes, and routes for travel between activity destinations, how do travelers 

form and adjust their personal activity patterns among such a huge set of combinatorial 

alternatives, given their socio-economic, demographic characteristics, and certain 

personal, interpersonal and system constraints.  Clearly, a theory of individual travel 
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behavior is in order to answer this fundamental research question, and to guide the 

development of travel demand models.  Two general theories of human behavior have 

been adopted by modelers to address this issue: utility maximization and satisficing 

behavior.  For instance, discrete choice models are based on random utility maximization 

theory, and assume travelers select the alternative with the highest perceived utility in a 

given choice set. Some micro-simulation models emphasize the role of constraints and 

assume travelers accept the first satisfactory alternative (often defined as the first feasible 

alternative).   

 

It is the inadequacies of these two general theories in explaining travel behavior that 

motivate the development of a positive theory for travel demand analysis in this research. 

More specifically, neither utility-maximization nor satisficing behavior theory explains 

what alternatives travelers are likely to consider, and in what order they are considered 

The search for alternatives is important for the consideration of behavioral dynamics and 

historical dependencies. In fact, utility maximization and satisficing behavior theories 

only provide decision protocols that map spatial knowledge to decisions. When travelers 

are assumed to have a certain amount of spatial knowledge, final travel decisions could 

be derived by these decision protocols with some statistical and mathematical procedures. 

However, a decision protocol is not an inclusive theory of travel behavior. What is 

missing is the description of how travelers search for alternatives, when and why they 

stop the search process, how they learn from experience, how spatial knowledge is 

developed, and how prior travel behavior affects future decisions. The main objective of 

the theoretical portion of this research is to construct a conceptual framework under 

which the developmental and dynamic nature of spatial knowledge, and the role of 

search, information, learning, and heuristics in travel decision-making, can be 

consistently considered.        
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Besides the goal of improving travel behavior theory, there are also modeling, data, and 

practical issues that motivate this research. Although the behavioral limitations of 

normative assumptions are apparent, there are good reasons why they frequently appear 

in modeling work – these assumptions enable the use of analytical methods (discrete 

choice models, equivalent minimization problems, etc.) for solving aggregate travel 

demand.  It is reasonable to suspect that more realistic assumptions about travel behavior 

may not find analytical modeling methods that can capture increased behavioral 

complexities, and retain computational feasibility and mathematical elegance at the same 

time. The methodological objective of this research is to identify appropriate modeling 

methods for the proposed positive approach such that improved behavioral resolution 

would not significantly increase model development and implementation cost. These 

methods will be employed to develop a positive travel demand model.  

 

Without proper data, theories of travel behavior cannot be tested and travel demand 

models cannot be calibrated and validated. Proper collection and use of data have always 

been a priority for modelers.  Historically, the lack of competing theories of travel 

behavior has led modelers to compare travel demand models based on their “predictive” 

accuracy using base-year measurements. The presence of adjustment factors in many 

travel demand models complicates the model validation issue, and it is difficult to tell 

whether or not a specific demand model, even one that match base-year statistics well, 

provides sufficiently accurate future demand estimates for planning and policy analysis. 

As data collection technology advances, it has become possible to track individual 

behavior over time for examination of the decision making process, and to monitor the 

performance of the transportation system in which individual decisions are made. This 

research will also explore how data collection methods such as surveys and automatic 
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vehicle tracking (GPS, wireless etc.) may help gather process data required for 

developing positive travel demand models..      

 

A practical motivation of this research arises from the fast-growing deployment of 

advanced traveler information systems (ATIS).  The demand for and popularity of ATIS 

imply there are needs to enhance travelers’ knowledge about the transportation system.  

To use a travel demand model that assumes perfect knowledge to explore the impacts of 

ATIS presents a paradox – if travelers were to have perfect knowledge, there would no be 

need for ATIS. It is necessary to consider the developmental nature of spatial knowledge, 

and the role of learning in travel behavior.       

 

1.2. Expected Research Contributions 

 

1.2.1. THEORETICAL CONTRIBUTIONS 

 

This research develops a theory that describes travel behavior as the consequence of a 

process in which travelers examine alternatives according to a search method, develop 

spatial knowledge by learning from various sources, make travel-related decisions based 

on available knowledge and heuristics instead of optimization, and adjust belief and 

behavior continuously as new information and experience become available. The SILK 

theory can serve as a viable alternative to normative theories that assume perfect 

information and optimizing behavior. As the number of alternatives for a travel choice 

situation increases, normative assumptions become less acceptable and less representative 

of the actual decision-making process. As human perceptual and cognitive limitations, 

and various costs associated with identifying and comparing alternatives become obvious 
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in complex decision situations, a positive theory provides a more relevant behavioral 

foundation for demand and policy analysis.  

 

The SILK theory of travel behavior builds on general behavioral theories developed in 

economics, psychology, geography, and statistics, including theories of search, bounded 

rationality, spatial cognition, and Bayes rules. It adopts the notion from standard search 

theory that individuals follow a search process when examining alternatives, but further 

hypothesizes that the search process itself is governed by a set of behavioral rules that 

should be empirically derived. Another hypothesis is that travelers incur costs associated 

with search and decision-making that causes search to cease, leads to a finite and small 

set of considered alternatives, and results in a decision scenario with imperfect 

information. The SILK theory represents these costs using the distribution of perceived 

search cost. A proposed property of the search process is that search stops when the 

subjective expected gain from an additional search does not exceed the perceived search 

cost. This is somewhat similar to the theory of bounded rationality and satisficing 

behavior. An original contribution in this research is the combination of the non-random 

search theory with Bayesian decision-making which produces a method for empirical 

derivation of the distribution of perceived search costs among travelers.  Another 

contribution of the SILK theory is that it provides a procedure for the determination of 

subjective search gains based on individuals’ prior experience, spatial knowledge, and 

current status.  

 

The proposed positive theory of travel behavior is also unique in that it does not assume 

decisions are made until all alternatives in the final choice set are identified. Rather, a 

continuous learning and behavioral adjustment process is hypothesized. A series of 

decisions, instead of just one final decision, are made as new information becomes 
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available and new alternatives are learned continuously. Prior decisions influence 

decisions made later in the search process. In other words, the proposed SILK theory 

describes travel decision-making as an evolutionary process.  

 

This research also summarizes empirical evidence relevant to travel behavior theory in a 

literature review. However, since this body of literature is enormous, the emphasis has 

been placed on empirical findings highlighting the needs for the positive approach.  

 

1.2.2. METHODOLOGICAL CONTRIBUTIONS 

 

The proposed positive approach for travel analysis poses a major challenge with regard to 

modeling methodology. Methods commonly applied to travel analysis, such as 

regression, spatial interaction, discrete choice, and mathematical programming models, 

do not meet the modeling needs under the positive theory. The focus of the positive 

approach is each individual’s decision process, which rules out frequency statistics. 

When individuals are not assumed to be utility maximizers, optimization methods 

become irrelevant. This research identifies two modeling methods suitable for behavioral 

modeling of travel behavior: machine learning algorithms for deriving individual 

behavioral rules, and agent-based simulation for aggregating individual behavior into 

system-level demand.    

  

Individuals’ search, learning, and decision rules are important factors influencing their 

behavior. The positive approach requires that these rules in the model be justified 

empirically. This requirement implies two sequential modeling tasks. First, an 

appropriate knowledge representation method needs to be identified such that these 

behavioral rules can be specified (e.g. as if-then rules or as decision trees). Second, the 
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behavioral rules should be extracted from process data and validated on a separate test 

data set. After examining various knowledge representation methods, production rules 

(i.e. if-then rules) are found to represent well search and decision heuristics, while at the 

same time computationally inexpensive.  Two empirical studies collect process data for 

the derivation of individual behavioral rules. The design and implementation of these 

data collection methods should also benefit future travel behavior research.    

   

The evolutionary nature of the travel decision-making process makes agent-based 

simulation appropriate for linking individual behavior to macroscopic demand patterns. 

Agent-based techniques originate from traditional computer-based simulation and cellular 

automata. In general an agent-based model consists of three elements: agents, an 

environment, and behavioral rules. It is useful for modeling how behaviors of and 

interactions among individual decision agents create complex system patterns. In the 

agent-based route choice model developed in this research, individual travelers’ 

characteristics such as spatial knowledge, belief, perception, search, learning, and non-

optimizing decision rules and their interactions on a transportation network give rise to 

macroscopic travel demand in the system. 

 

This combination of knowledge acquisition and agent-based simulation provides a novel 

method for positive travel demand modeling. Applications of the behavioral route choice 

model on the Twin Cities network demonstrate its computational feasibility, and its 

ability to provide detailed demand estimates and rich behavioral dynamics for planning 

and policy analysis.   

 

1.2.3. PRACTICAL CONTRIBUTIONS 
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The behavioral route choice model developed can replace normative route assignment 

models based on principles of deterministic or stochastic user equilibria, which is a 

practical contribution of this dissertation. It is fully operational and loads traffic onto a 

large network given origin-destination demand. Detailed comparisons between normative 

and positive route choice models on the Twin Cities road network exhibit systematic 

biases in flow estimates due to normative assumptions. The comparison also reveals the 

maximum benefits of a traveler information system that broadcast accurate information 

about recurrent congestion to all travelers. In one application, the behavioral route choice 

model is also applied to estimate demand shifts due to a shock in the transportation 

system caused by the shut-off of freeway ramp meters in the Twin Cities in Fall 2000. 

 

The positive theoretical foundation underlying the behavioral route choice model makes 

the model appropriate for studying the impact of the deployment of information 

technology in the transportation system. Advanced traveler information systems represent 

a source from which travelers can obtain more complete and reliable information about 

the transportation system with lower search costs.  

 

1.3. Research Overview 

 

Chapter 2 of this dissertation summarizes literature regarding normative behavior 

theories, behavioral theories of human judgment and decision-making especially those 

relevant to spatial and travel behavior, the history of travel demand modeling, and 

emerging policy issues that makes improving travel demand models imperative. 
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Chapter 3 develops the positive theory of travel behavior that is discussed briefly above. 

Empirical evidence that leads to the main assumptions and the assumptions themselves 

are summarized and discussed. Behavioral components in the theory are defined and their 

relationships illustrated, including search, information, learning, spatial knowledge, 

experience, expectations and belief, heuristics, and behavioral adjustments. A section is 

dedicated to the comparison of normative and behavioral theories of travel behavior. 

Topics discussed include their different implications on demand modeling, and 

speculations on when and why normative theories are likely (unlikely) to cause 

significantly biased predictions. 

 

Chapter 4 begins the development of the behavioral route choice model under the 

quantitative modeling framework that the SILK theory suggests, and focuses on the 

specification, estimation, and verification or individual behavioral rules. Two 

experiments are conducted to collect process data for empirical derivation and 

verification of route search and decision rules. The detailed procedures for data collection 

and analysis are described. Machine learning algorithms, especially those for rule 

induction, are introduced and discussed. The obtained search and decision rules are 

reported, and their predictive accuracy at the individual level compared with normative 

behavioral rules.   

 

Chapter 5 utilizes agent-based modeling techniques to map individual behavioral rules 

identified in the previous chapter to system-level demand patters (i.e. link traffic flows). 

A new Behavioral User Equilibrium (BUE) is defined for route choice analysis, which 

corresponds to the traffic pattern under positive assumptions. Properties of the BUE, such 

as convergence, existence, uniqueness, and stability are qualitatively discussed.    
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Chapter 6 demonstrates the positive approach and the behavioral route choice model on a 

large real-world network. The Behavioral User Equilibrium is solved for the Twin Cities 

network that has 7,976 nodes, 20,194 links, and about 0.6 million travelers during a 

typical peak hour. The following discussion analyzes the properties of the BUE 

quantitatively and compares it with deterministic and stochastic user equilibria.  

 

Chapter 7 applies the proposed positive approach and the BUE principle to model traffic 

dynamics after a major system change for policy analysis. In this application, the BUE 

solved in Chapter 6 is used as the base condition. A supply-side change is then introduced 

to the system, which initiates a traffic re-equilibration process, causes the system to reach 

a new BUE, and produce positive and negative impacts on users. This supply-side change 

corresponds to the field experiment in which all ramp meters were shut down for two 

months in the Twin Cities in Fall 2000.   

 

Chapter 8 concludes the research. It provides a summary of research efforts and findings, 

followed by an outlook on the advance of positive behavior theory. The potential role of 

positive travel demand models is also discussed. The dissertation ends with propositions 

of several future research topics.  
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CHAPTER 2. LITERATURE REVIEW 

 

 

Travel demand analysis is driven by two objectives: understanding individual travel 

decision-making processes, and providing guidance to transportation-related policy 

decisions. While the behavioral objective emphasizes accuracy and realism, the 

implementation-driven objective values practicality and sensitivity to various policy 

scenarios. Theoretically, these two goals are consistent and should be achieved 

simultaneously, however, various data, methodological, and computational issues often 

require a certain degree of compromise between them in modeling practice.  This 

compromise has been exemplified time and again in the history of systematic travel 

demand analysis, which is reviewed in Section 2.1.  

 

The development of a travel demand model can be viewed as a two-step exercise. The 

first task involves the identification of an appropriate theory of travel behavior.  The 

theory should provide an account of individual travel behavior and decision-making 

processes.  The second step links these individual behaviors and decisions to aggregate 

travel demand with some methods and algorithms. For instance, discrete choice models 

and shortest-path algorithms compute macroscopic travel demand patterns, such as mode 

share and link traffic flows, based on simple normative assumptions of individual travel 

behavior, such as utility maximization and cost minimization. The area of research that 

provides behavioral and theoretical foundation for travel demand modeling is travel 

behavior analysis.  It is closely related to a branch of geography research, sometimes 

referred to as behavioral geography or spatial behavior analysis, which adopts a 

behavioral approach to study human activities in space. To further motivate this research, 

which has an objective of developing a positive theory of travel behavior, Section 2.2 
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discusses various normative and behavioral theories of human judgment and decision-

making processes developed in psychology, economics, and geography, especially those 

relevant to spatial and travel behavior.  Distinct from reviews that may be found 

elsewhere, this literature study also includes theoretical and empirical work on the 

developmental nature of human spatial knowledge. The review of behavior theories is 

followed by a discussion of empirical findings related to travel decision-making 

processes in Section 2.3.       

 

Section 2.4 emphasizes the methodological aspect of travel demand analysis and reviews 

traditional and innovative modeling methods in this area. Some methods, including 

knowledge acquisition in artificial intelligence and agent-based simulation, are capable of 

extracting individual behavioral rules from data, and modeling the emergence of macro-

level systematic properties from micro-level individual agent behavior.  They have the 

potential to significantly improve travel demand models.  

  

Section 2.5 argues the needs and possibilities for improving travel demand models from a 

more practical perspective, by reviewing some emerging policy issues and advanced data 

collection methods in transportation systems analysis.   

 

Section 2.6 summarizes findings from the literature review, including both limitations of 

existing travel behavior theories and travel demand models, and various opportunities for 

future theoretical and methodological research that naturally lead to this dissertation 

study capitalizing on these opportunities.       
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2.1. The History of Travel Demand Modeling: A Brief Review 

 

The topic of this section should really be a book title. Tens of thousands of papers have 

been devoted to the improvement of urban passenger travel demand models. Therefore, 

the review of this history in this section cannot be comprehensive. The sequential four-

step and integrated system equilibrium models are briefly discussed, followed by an 

examination of the second-generation travel demand models with particular emphasis on 

activity-based approaches and network mobility simulators. 

    

In the 1950s, driven by the needs of designing and planning future road and transit 

systems, transportation planners were seeking a scientific and systematic method to 

project travel demand in terms of traffic flows on built and proposed transportation 

facilities. Earlier research in Detroit and Chicago led to the development of the so-called 

four-step procedure (CATS 1959, Boyce 2002): trip generation, trip distribution, mode 

split, and route assignment. Other travel-related choices in the sequential procedure are 

either treated as exogenous (e.g. land use and auto-ownership) or extremely simplified 

(e.g. trip scheduling). The traditional four-step model is also referred to as a trip-based 

approach in that it treats individual trips as the basic units of analysis. Subsequent studies 

focus on improving the four components of the sequential procedure with regression 

(FHWA 1967) and category analysis (Wootton and Pick 1967, Supernak 1979, Stopher 

and McDonald 1983), growth factor (Furness 1965) and spatial interaction models 

(Voorhees 1955, Schneider 1959, Wilson 1970, Haynes and Fotheringham 1984), utility-

based econometric methods (Ben-Akiva 1974, Domencich and McFadden 1975, 

Williams 1977, Daly and Zachary 1978, McFadden 1978, Daganzo 1979, Ben-Akiva and 

Lerman 1985), refined flow-dependent link cost functions (BPR 1964, Branston 1976, 

UK Department of Transport 1985, Suh et al. 1990), mathematical programming models, 
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the concept of traffic equilibrium (Wardrop 1952, Beckman et al. 1956, Frank and Wolfe 

1956, Smock 1962, Dafermos 1968, Sheffi 1985, Davis 1994, Patriksson 1994, Bell and 

Iida 1997, Boyce et al. 2005), and feedbacks between demand, assignment, and control 

(Martin et al. 1961, Irwin and Von Cube 1962, Levinson and Kumar 1994). Ortuzar and 

Willumsen (2001) provide an up-to-data summary of trip-based travel forecasting 

procedures with emphasis on the sequential procedure.  The sequential procedure enjoys 

a number of commercial software packages and dominates the practice of travel demand 

modeling. 

 

A mathematically more rigorous approach for analyzing transportation system 

equilibrium and demand patterns also originated in the 1950s when Beckmann, McGuire 

and Winsten (1956) published their seminal work on integrated equilibrium models of 

origin-destination, route, and link flows. In contrast to the sequential procedure, the 

integrated or combined modeling approach suggests that choices of trip frequency, 

destination, mode, and route should be resolved in a coherent system equilibrium. This is 

also known as the traffic assignment problem with variable demand, while the route 

assignment step of the sequential procedure is a fixed-demand problem. Subsequent 

research in this area focuses on expanding the scope of fixed-demand problem to include 

trip frequency, destination, mode choices, and multiple user classes, examining 

mathematical properties of system equilibrium, and developing solution algorithms for 

large networks (Murchland 1966, Tomlin 1967, Evans 1973, LeBlanc 1973, Florian and 

Nguyen 1978, Boyce et al. 1983, Horowitz 1985, Boyce and Lundqvist 1987, Safwat and 

Magnanti 1988, Lam and Huang 1992, Bar-Gera and Boyce 2003).  One advantage, also 

the motivation, of the integrated modeling approach is that it ensures travel cost is 

consistent among various choice dimensions. In addition, by imposing certain limitations 
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on the demand function, the system equilibrium has the properties of uniqueness and 

convergence, which are arguably desirable from a policy-evaluation point of view.  

 

While the majority of travel demand studies adopts an equilibrium paradigm and tries to 

predict travel behavior of the whole population in a supply-demand equilibrium analysis, 

the real transportation system is never in a perfect equilibrium because individuals and 

organizations continuously change behavior over time. Levinson (1995) proposes an 

alternative evolutionary paradigm that considers adaptive switching behavior. The paper 

also documents the development of a hybrid-evolutionary mode that redistributes a 

fraction of work trips due to housing and job relocation. Four advantages of the 

evolutionary approach are discussed including better use of available data such as trip 

tables and Census survey, additional realism in modeling concept, the provision of a 

framework for extension to integrations with dynamic land use models, and the additional 

information available to policy makers. The research also leads to a set of important but 

unanswered research questions such as why, when, and how agents in the urban system 

change behavior.        

 

Both the sequential and integrated equilibrium models of travel demand have limited 

behavioral realism. A major critique of those models is that they treat trips, instead of 

individuals and households, as the basic units of analysis, and ignore the fact that travel 

demand derives from activity demand. The lack of a solid behavioral foundation in the 

trip-based approach also results in its inability to describe trip chaining and scheduling 

behavior, both of which are important for estimating demand responses to a variety of 

transportation-related policies. These limitations led to the development of activity-based 

approaches for travel demand modeling in the 1970s. Activity-based approaches are 

interested in what activities travelers pursue, how often, where, when and how long they 
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participate in those activities given their socio-demographic characteristics, and some 

personal and household constraints (Hensher and Stopher 1979, Jones 1979, Koppelman 

and Pas 1980, Carpenter and Jones 1983, Pas 1985, Kitamura 1988, Axhausen and 

Gärling 1992, Ettema and Timmermans 1997, McNally and Recker 2000). These 

activity-related decisions determine the activity patterns individuals develop and adjust. 

Activity patterns can be defined on different time scales, but daily and weekly activity 

patterns attract the most research attention because intuitively they seem to correspond to 

the actual human activity cycle. Activity-based approaches also concern themselves with 

long-range decisions that affect travel demand such as residential and work location 

choices, and automobile ownership choices.  In an urban area, there are a large number of 

activity patterns with various combinations of activities, their sequence, location, starting 

times, duration, modes, and routes used to travel between spatially separated activities. 

The central research questions are how individual travelers, constrained in many ways, 

choose activity patterns, and how those patterns evolve over time and under new 

conditions.  These are questions that can be satisfactorily answered only with a thorough 

understanding of travel behavior.     

 

A large number of studies attempt to push the envelope of the activity-based travel 

demand modeling approach by empirically examining activity-travel patterns or 

developing comprehensive activity-travel models. Bowman and Ben-Akiva (1997, 1998) 

generalize several activity-based travel demand models as a two-step sequential or 

iterative process: choice set generation, and choice. In the choice set generation step, 

individuals search alternatives and consider a subset of, or all, feasible alternatives; in the 

choice step, a specific decision rule determines which considered alternative is selected. 

They point out that to assume substantive or pure rationality implies a large choice set 

which is behaviorally unrealistic. Furthermore, the selection of an activity pattern is a 
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combinatorial problem which cannot be solved efficiently even by a supercomputer if 

travelers are assumed to have perfect information and unlimited computing ability. 

Although the assumptions of pure rationality and utility maximization are useful when 

the size of the global choice set is small, or some heuristics are used to reduce the size of 

the choice set, it is evident these normative assumptions of travel behavior have to be 

somehow relaxed in order to develop operational activity-based travel demand models.  

 

Some researchers develop activity-travel models by retaining the utility-based 

econometric modeling structure (Kitamura and Goulias 1989, Ben-Akiva et al. 1996, 

Stopher et al. 1996, Bowman 1998, Wen and Koppelman 2000, Bowman and Ben-Akiva 

2001, Fosgerau 2001, Bhat and Singh 2000, Bhat et al. 2004) with assumptions that 

either reduce the number of overall activity-travel patterns or break the whole activity-

travel pattern into more manageable activity stops and tours. Others developed 

computational process models of activity-travel choices, sometimes also referred to as 

hybrid simulation or microsimulation models. The computational process models 

recognize human cognitive and computational limitations, focus on the sequential 

decision-making process, assume search and decision heuristics instead of systematic 

utility maximization, and explicitly capture activity-travel constraints.  Various prototype 

and operational computational process models have been developed, including HATS 

(Jones 1979), CARLA (Jones et al. 1983), STARCHILD (Recker et al. 1986a, 1986b), 

SCHEDULER (Garling et al. 1989), SMASH (Ettema et al. 1993),  SAMS and AMOS 

(Kitamura et al. 1993, RDC Inc. 1995, Kitamura et al. 1996), MIDAS (Kitamura and 

Goulias 1989, Goulias and Kitamura 1996), SMART (Stopher et al. 1996), GISICAS 

(Kwan 1997), PCATS (Kitamura and Fujii 1998), ALBATROSS (Arentze and 

Timmermans 2000), PETRA (Fosgerau 2001), SIMAP (Kulkarni and McNally 2001), 

TASHA (Miller and Roorda 2003), FAMOS (Pendyala et al. 2004), and TRANSIMS 
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(Los Alamos National Laboratory 2005). Various modeling methods have been used in 

developing these computational process models, including categorical analysis, pattern 

recognition, neural network, fuzzy logic, decision-tree induction, and production rules. 

Recently, a third approach combines the utility-maximizing framework with heuristic 

optimization procedures such as the genetic algorithm (Charypar and Nagel 2005) to 

optimize the complete activity-travel pattern. With various decision theories and 

modeling methods adopted in the abovementioned approaches, it seems that Kitamura’s 

(1988) conclusion in a review paper remains relevant – The efforts towards a travel 

behavior theory for the activity-based approach are in general fragmented and not 

supported by a coherent modeling method. Although the activity-based approach 

theoretically promises a stronger behavioral foundation for demand modeling than the 

aggregate trip-based approach, behavioral assumptions in many activity-based models are 

not validated and may be considered to lack rigor. Satisficing behavior rules are often 

used in the computational process models, which is consistent with bounded rationality 

theory.  However, which alternatives travelers will consider and when they become 

satisfied are controversial. Nevertheless, contributions in the past several decades have 

made activity-based models viable technical tools for the urban transportation planning 

process.  They have been applied to varying degrees in Boston, Massachusetts, 

Dallas/Fort Worth, Texas, New York, New York, Portland, Oregon, and San Francisco, 

California.  

 

Although route choice feeds back to other choice dimensions of activity-travel patterns, 

existing activity-based models, like the sequential four-step models, leave route choice to 

a final traffic assignment step, instead of modeling it as an integrated component of the 

activity-travel pattern. With emphasis on scheduling behavior, activity-based models 

theoretically should provide a more accurate time-dependent estimates of origin-
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destination demand than the four-step model with its relatively coarse description of trip 

timing. When the traffic assignment step loads the time-dependent origin-destination 

table to the transportation network, the static user equilibrium principles, either 

deterministic or stochastic, developed for traditional four-step models, have an obvious 

drawback: they do not consider dynamic dependencies between demand and travel cost, 

which are significant especially under congested conditions. Dynamic traffic assignment 

algorithms remove this limitation by explicitly considering these time-dependencies.  

Most analytical dynamic route choice models have been formulated using mathematical 

programming (Merchant and Nemhauser 1978ab, Carey 1986, Janson 1991, Wu et al. 

1998, Xu et al. 1999), optimal control (Friesz et al. 1989, Wie 1990, Ran and Boyce 

1994), and variational inequality models (Friesz et al. 1993, Wie et al. 1995, Ran and 

Boyce 1996, Nagurney 1998, Chen 1999, Lo and Szeto 2002, Bliemer and Bovy 2003). 

Another approach combines dynamic route choice rules with network mobility and traffic 

simulators at various levels of resolution, such as the DYNASMART (Mahmassani et al. 

1994, Peeta and Mahmassani 1995), DYNAMIT (Ben-Akiva et al. 1998), and TRANSIM 

(Rickert and Nagel 2001, Los Alamos National Laboratory 2005) models. The dynamic 

traffic assignment models are capable of estimating certain demand responses, such as 

departure time and route choices, to advanced traffic management systems, advanced 

traveler information systems, and long-term planning decisions. Most dynamic traffic 

assignment models assume travelers have perfect network knowledge and follow rational 

behavioral rules, or use heuristic behavioral rules without a proper theoretical foundation. 

Although a series of experimental studies show that travelers when making departure 

time and route choices are unlikely to find the optimal choices, and that their rationality is 

at best bounded (Mahmassani et al. 1986, Mahmassani and Chang 1987, Avineri and 

Prashker 2003), considerations of travelers’ cognitive and decision limitations have not 

been incorporated in the development of either static or dynamic traffic assignment 
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models.  It is interesting that several prototype behavioral route choice models have been 

developed outside the transportation planning profession. These include TOUR (Kuipers 

1978), ELMER (McCalla et al. 1982), TRAVELER (Leiser and Zilberschatz 1989), and 

NAVIGATOR (Gopal and Smith 1990), and all attempt to use computational process 

models to describe how individuals acquire information about the environment, and how 

they use it to choose routes. 

     

2.2. Theories of Human Behavior and Decision-Making Processes 

 

Rational behavior theory assumes individuals are capable of identifying all alternatives, 

measuring all of their attributes, and always selecting the alternative that maximize their 

utility (Smith 1775, Samuelson 1947, Von Neumann and Morgenstern 1947, Savage 

1954). Despite its axiomatic status in neo-classical economics, this interpretation of 

rationality has obvious limitations, notably that it ignores the costs associated with 

information acquisition and search for alternatives, overestimates human computational 

abilities, and fails to recognize the role of learning, experience, decision heuristics, and 

the developmental nature of human knowledge. Most travel behavior studies adopt a 

utility-based theoretical framework that assumes rational behavior to varying degrees 

(Horowitz 1985, Hensher 2001). In a summary on human judgment and decision-making 

under uncertainty, Tversky and Kahneman (1974, pp. 1131) argue on the basis of a 

number of empirical studies that individuals rely on mental shortcuts or heuristics that 

"are highly economical and usually effective but ... lead to systematic and predictable 

errors." Their seminal paper has led to a number of subsequent studies on human 

perceptual and cognitive limitations, and formulation of descriptive theories of human 

behavior. 
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There exist two general theories of human behavior that do not assume substantive 

rationality: prospect theory (Kahneman and Tversky 1979, Tversky and Kahneman 1992) 

and bounded rationality theory (Simon 1955). Prospect theory suggests that values are 

assigned to gains and losses and that decision makers use subjective, usually biased, 

weights to replace probabilities. Bounded rationality was proposed based on the 

recognition that decision-makers must pay time and costs to gather information, to search 

for alternatives, and to make decisions. With these constraints, individuals tend to exhibit 

satisficing behavior instead of utility maximization.  Some research attacks other 

fundamental assumptions of rational behavior theory without proposing alternative 

decision theories. One example in transportation is Talvitie’s (1997) paper that elaborates 

Sigmund Freud’s (1920) dualistic concepts with respect to transportation planning and 

policy decisions. The paper challenges the assumption of decision consistency in rational 

behavior theory, and suggests that by explicitly considering inconsistencies and disorders 

in human behavior we would significantly improve the existing planning process.  

 

Since an important element of all decision problems is the choice among alternatives, 

several decision theories, besides utility maximization, describe how individuals compare 

alternatives (Slovic et al. 1977, Svenson 1979, Ben-Akiva and Lerman 1985) including 

dominance, satisfaction, lexicographic rules, and elimination by aspects. As artificial 

intelligence as a research filed advances at a fast pace, various knowledge representation 

methods have been developed to simulate human decision-making processes. For 

instance, many knowledge-based systems use production rules to describe expert 

knowledge (Durkin 1994). 
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The human decision-making process also involves a search for alternatives, which is 

better known to transportation modelers as the choice set generation process. It is 

uncontroversial that individuals only consider a subset of all existing alternatives in 

dynamic and complex situations, because it is beyond the limited human information-

processing ability for individuals to learn and evaluate all attributes of all alternatives.  

These considerations are formalized in the economic theory of search. Search theory 

postulates that a cost characterizes information acquisition when an additional alternative 

is considered in the search process.  Stigler (1961) provides a search model in which 

consumers face a distribution of prices for the same good. He assumes that the searcher 

has full knowledge about the distribution of the prices but has no means of knowing, 

without searching, which seller charges the lowest prices. The marginal benefit of an 

additional search diminishes as the search process proceeds. Therefore, a boundedly 

rational consumer stops the search when the expected reduction in price from an 

additional search just equals search cost. Following studies on search theory varies by 

assumptions of searcher’s initial knowledge (Rothschild 1974), recall privilege (ability to 

select from all or the most recently searched alternatives), and search order (random or 

strategic) (Salop 1973). Despite the obvious relevance of search theory to travel decision-

making which occurs in a complex system and often involves a large number of 

alternatives, few travel behavior studies apply search theory, possibly because most 

papers on search theory are published in economic journals that transportation engineers 

are unaware of. Timmermans (1980) uses the notion of search in a shopping destination 

choice model. Williams and Ortuzar (1982) demonstrate similarities between a random 

search model and a logit model based on assumptions of random utility maximization and 

full choice set. They also warn that if individuals use strategic search rules, the logit 

model will consistently overestimate responses to utility changes. Richardson (1982) 

compares search models and the choice set generation process in travel demand 
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modeling. Clark (1993) models the search for new housing. Thompson and Richardson 

(1998) develop a parking search model by combining search theory and utility 

maximization.  A large body of literature discusses and improves the behavioral realism 

of the choice set generation process since the assumption of a full choice set is often 

unacceptable and shown to cause prediction biases (Williams and Ortuzar 1982). These 

studies propose latent choice sets (Ben-Akiva and Boccara 1995), random constraints 

(Swait and Ben-Akiva 1987), probabilistic choice set formations (Mansky 1977), and 

implicit alternative availability models (Cascetta et al. 2002). However, the value of 

search theory in addressing the choice set generation issue has been largely unexploited. 

 

The result of the search process is improved knowledge about the alternatives and the 

decision environment. A decision is made based on the level of relevant knowledge at the 

time of decision. The type of knowledge most relevant to travel decision-making is 

spatial knowledge about the distribution of various activity destinations in a geographic 

area, and various transportation means to access these destinations. Implementation of 

utility maximization theory to model travel choices assumes static and perfect 

knowledge, while the developmental or dynamic nature of spatial knowledge has been 

extensively studied in behavioral geography (Golledge and Stimson 1997). Studies of 

spatial behavior are based two groups of fundamental theories: place learning theories 

(Tolman 1948, Gould 1963, Downs 1970, Golledge et al. 1969) argues individuals learn 

the location of places and routes through a cognitive process, store locations and their 

relationships in an internal map-like representation, and retrieve spatial information from 

the mental or cognitive map to navigate in the environment; developmental theories 

(Piaget and Inhelder 1967, Siegel and White 1975) hypothesize that spatial knowledge is 

acquired from experience or map-reading through several distinctive stages (e.g. 

landmark, route, survey knowledge), and spatial knowledge is organized in a hierarchical 
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structure according to the importance (e.g. home, work place, major road) and salience 

(e.g. landmark) of places and paths. An important notion of these theories is spatial 

learning, as it is the process of knowledge acquisition, and integrating existing knowledge 

with on-going experience.  The product of spatial learning is a so-called cognitive map 

which may be defined as “long-term stored information about the relative location of 

objects and phenomena in the everyday physical environment” (Garling et al. 1984), or a 

device that helps to simplify and order the complexities of human-environment 

interactions (Walmsley et al. 1990). In recognition of the large amount of spatial 

information and vast evidence of the incompleteness and distortion of cognitive maps, 

Wolpert (1964) argues that spatial behavior is most frequently boundedly rational or 

satisficing rather than being utility maximizing and optimal. The decision-making 

process in space often weighs what has been perceived to exist and what has been 

experienced more than the objective reality.  

 

However, a general theory that allows quantitative modeling of spatial learning and 

knowledge has yet to be developed, which is important for incorporating these elements 

of spatial decision-making processes into travel demand models. Explicit consideration of 

learning and knowledge development is essential for relaxing the assumption of perfect 

information in rational behavior theory, developing evolutionary travel demand models, 

and studying dynamics in spatial behavior that often take the form of habit and historical 

dependencies (Goodwin 1977, Blasé 1979, Williams and Ortuzar 1982, Aarts and 

Dijksterhuis 2000), behavioral adjustment over time, and transition from provisional trial-

and-error behavior to repetitive learned behavior. A learning theory should describe how 

knowledge is updated as new information and experiences become available. Bayesian 

theory can be used to update belief and subjective probabilities using conditional 

probabilities and assumptions about the prior belief distribution (Savage 1962). It is an 
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individual learning theory that produces quantitative learning models. Bandura’s (1977) 

observational learning is a type of social learning theory. The major premise in Bandura’s 

theory is that individuals can learn by observing others. Social learning also occurs in 

travel decision-making as travelers learn about locations and paths from each other and 

from media. Recently, two studies use network knowledge as a variable in route choice 

models. Asakura et al. (2001) uses a measure of functional hierarchies of roads to 

represent the topological aspect of network knowledge. Ramming (2002) models network 

knowledge as a set of latent variables, estimates coefficient using survey data, and uses 

fitted values of network knowledge as an explicit variable in discrete route choice 

models. But neither study models the learning process through which network knowledge 

is obtained.  On the other hand, several studies model perception updating and travel time 

learning based on Bayesian theory in dynamic route choice contexts without considering 

complete network knowledge (Iida et al. 1992, Jha et al. 1996).    

 

2.3. Evidence against Perfect Rationality in Travel Decision-Making 

 

The biological foundation of human, judgment, decision-making, and behavior is the 

human brain, which consists of 1010 to 1011 neurons that are connected by 1012 to 1015 

synapses (Williams and Herrup 1988). To put these numbers in perspective, a Pentium IV 

processor chip contains about 4.2×108 transistors, and an Itanium2 processor contains 

4.1×109 transistors (Gelsinger et al. 1989, Intel 2005). If Moore’s law holds (Moore 

1965), the number of transistors on a processor chip will exceed the number of neurons in 

a typical human brain by 2010. The size of memory of a typical human brain is therefore 

limited.  Evidence also suggests that when making a decision, a human being must 

transform information from long-term memory to a working memory which is even 
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smaller in size (Miller 1956). Biologically, the human brain works by propagating 

electric signals along synapses between neurons (Shepherd 1994). Neurons with a cell 

membrane normally have a negative resting potential of –65~80 mv. Neural transmitters 

from the pre-synaptic neuron increase the membrane potential of the post-synaptic 

neuron, and make it less negative. When the membrane potential of the post-synaptic 

neuron reaches a threshold, an action potential is fired, which causes the post-synaptic 

neuron to fire its own neural transmitters propagating the electric signals to other neuron. 

The brain processes information by a series of neuron firings. The time it takes for an 

area to recover from an action potential is known as the refractory period. The refractory 

period sets a maximum on the firing frequency of the neuron, which is about 200 ~ 400 

firings per second depending the brain area and the type of stimuli (Kalat 1995). The 

aforementioned well-known neurobiological evidence implies the following for behavior 

research: (1) Human beings have rather limited memory, and thus limited knowledge, 

that can be used for decision-making; (2) Neurons work in a fashion similar to condition-

action statements in a computer program; when a certain threshold or condition is 

satisfied, an action follows; (3) Humans have limited information processing capabilities 

and the bounded neuron firing frequency may force the use of heuristics; furthermore, the 

heuristics may be very rudimentary when the decision is made under time pressure. The 

second point is strengthened by the work in brain evaluation that finds similarities 

between the functioning of genes (that determine the neuron connection patterns in brain) 

and if-then rules (Marcus 2004).  Although the complex network dynamics of the human 

brain is only partially known, the basic assumptions underlying perfect rationality, 

namely perfect information, optimizing behavior, and decision completeness and 

consistency, cannot be justified by the science of the brain.  
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A series of studies in psychology examines why and how actual human behavior may 

deviate from the rational behavior through laboratory experiments. An early summary of 

these empirical studies (Tversky and Kahneman 1974) concludes that the heuristics that 

result in the systematic and predictable biases can be classified into three categories: (1) 

Representativeness: In human judgment and decision-making, probabilities are often 

evaluated by the degree to which one object resembles another object; (2) Availability of 

instances or scenarios: Individuals assess the frequency of a class or the probability of an 

event by the ease with which instances or occurrences can be brought to mind; (3) 

Adjustment from an anchor: Individuals make estimates by starting from an initial value 

that is adjusted to yield the final answer and the adjustments are typically insufficient.    

 

Economists also have re-evaluated the validity and usefulness of assumptions underlying 

economic rationality. McFadden (1997) describes three components of economic 

rationality assumptions: (1) rationality in perception; (2) rationality and stability in 

preferences; and (3) rationality of the decision-making process. He concludes that the 

volume of behavioral evidence definitively disproves rationality in perceptions, but 

further research is necessary to establish or completely disprove rationality in preferences 

and process. 

 

Geographers find a large amount of evidence of perception and cognitive limitations in 

studies of the cognitive mapping process. They use sketch maps (Lynch 1960) and 

multidimensional scaling algorithms (Kruskal et al. 1976) as methods for externally 

representing cognitive maps. These studies show that the cognitive maps are biased and 

distorted. Subjective location and distance estimates have varying degrees of fuzziness. 

The hypothesis that spatial knowledge is stored in a hierarchical structure in human brain 

is also corroborated by a number of empirical studies (Pailhous 1970, Golledge 1978, 
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Stevens and Coupe 1978, Bovy 1981, Hirtle and Jonides 1985, McNamara 1986, Peruch 

et al. 1989, Holdings 1994). This hierarchal internal representation is shown to possibly 

cause sub-optimal decisions biased toward locations and paths that are more important or 

easier to recognize. Another cluster of studies compare subjective and objective distance 

(Thompson 1963, Cadwallader 1979, Coshall 1985), time (McGrath and Kelly 1986, 

Burnett 1978, Horowitz 1978, Leiser and Stern 1988, Zhang et al. 2005), and speed 

(Algom and Cohen-Raz 1987, Leiser et al. 1989), which find that the subjective estimates 

of these attributes are biased, and the degree and direction of the bias depends on various 

situational and personal factors.  

 

Travel demand results from a number of short- and long-term travel choices. There is 

also evidence that cognitive and information-processing limitations prohibit travelers 

from behaving optimally as rational behavioral theory would suggest. Humphreys and 

Whitelaw (1979) demonstrate that location choices of immigrants to an urban area are 

biased both on a sectoral basis and in terms of distance from the initial location. Several 

studies find that travelers settle into a pattern of repetitive or habitual destination choice 

behavior once a small set of proper destinations are identified (Rogers 1970, Golledge 

1977, Hanson 1977, Huff and Hanson 1986). Mannering (1989) shows that more than 50 

percent of drivers who face heavy congestion never change their departure time or route, 

though a rational person would have strong incentive to do so. Laboratory experiments 

combining interactive iterative surveys and traffic simulators also conclude that drivers 

are not able to identify the optimal departure time and route in a dynamic system (Chang 

1985, Mahmassani et al. 1986, Mahmassani and Chang 1987). Although the number of 

feasible routes between any origin-destination pair in an urban transportation network is 

very large, studies using in-depth interviews and surveys find that drivers are only aware 

of a small number (< 6) of alternatives, and most consider fewer than three routes 
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(Benshoof 1970, Jansen and Den Adel 1987). Bovy and Stern (1990) provide a summary 

of cognitive constraints in route choice in Chapter 3 of their book. An interesting finding 

by Stern and Leiser (1988) further suggests that ordinary drivers may not have strong 

incentives to improve their route choices by comparing the role of experience measured 

by years of driving between professional and non-professional drivers. Finally, at the 

aggregate level, deviation of actual route choice behavior from the optimal (e.g. route 

choices based on Waldrop’s (1952) user equilibrium principles) causes significant 

unnecessary or extra travel.  McDonald and Hounsell (1985) estimate that extra travel 

contributes to about 10 percent of total travel in England.         

 

2.4. Traditional and Innovative Methods for Travel Demand Modeling 

 

A good travel demand model should be theoretically sound, empirically verifiable, cheap 

to implement, capable of prediction, and policy-sensitive (Hensher and Button 2000). 

Appropriate modeling techniques play important roles toward such a goal. As most travel 

demand models are developed under a utility-maximization equilibrium paradigm, it is 

not surprising to observe the dominance of utility-based and optimization methods such 

as discrete choice models (Ben-Akiva and Lerman 1985, Train 2003), mathematical 

programming (Sheffi 1985), and variational inequality (Nagurney 1998). More recently, 

computational process or microsimulation models of travel demand have also been 

developed for activity-travel analysis (Jones et al. 1983, Recker et al. 1986ab, Ettema et 

al. 1993, Kitamura et al. 1993, Golledge et al. 1994, Goulias and Kitamura. 1996, 

Arentze and Timmermans 2000, Kulkarni and McNally 2001, Miller and Roorda 2003, 

Pendyala 2004). Golledge and Stimson (1997) observe a change in emphasis from form 

to process among human geographers, wherein the emphasis on form allows researchers 
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to focus on objective reality and to use standard tools of mathematics and statistics, and 

the emphasis on process stresses that general and superficial representations of human 

behavior are not sufficient for both understanding and explanation. The process-driven 

approach focuses on individual behavior including learning, forming attitude and beliefs, 

giving meaning and value, and using spatial knowledge. They also point out that the 

cause of such transition to the process-driven approach is that “… the world of objective 

reality was far too complex to be incorporated into a comprehensible mathematical or 

statistical model of human activity” (pp. 3).  In the field of travel behavior and travel 

demand analysis, a similar transition seems to be taking place. Individuals’ complete 

activity-travel pattern is hard to incorporate into a single mathematical model of travel 

behavior. Computational process models are more flexible and can examine in detail the 

decision-making process and various dimensions of travel choices. However, in most 

proposed computational process models of travel demand, travelers are assumed to find 

an activity-travel pattern based on a set of procedural rules that are not properly validated 

(Ben-Akiva and Bowman 1998). Travelers or households in these models simply follow a 

set of rules without memories, experience, knowledge, and learning abilities. The 

remainder of this section summarizes two innovative modeling methods for travel 

demand modeling, that have the potential to significantly improve the behavioral realism 

and validation of computational process models: agent-based simulation and knowledge 

acquisition.  These two methods are used later in this research to develop a behavioral 

route choice model. 

 

Agent-based modeling has a long lineage beginning with Von Neumann’s (1949, 1966) 

book on self-reproducing automata. Modern agent-based models employ methods from 

many fields, including artificial intelligence, cellular automata, genetic algorithms, 

cybernetics, cognitive science and social science. It is probably more appropriate to 
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consider the agent-based approach as an integrated modeling framework instead of a 

specific modeling method. In general an agent-based model consists of three elements: 

agents, an environment and rules. Agents are like “people” who have characteristics, 

goals and behaviors. They are the basic units of activity in the model. The environment 

provides a space where agents live and a network on which they move. Behavioral rules 

define how agents behave and how the environment changes as a result of agent 

activities. Interaction rules describe how agents interact with each other and the 

environment. The characteristics of the environment itself also change in response to 

agent activities. The flexibility and computational advantages of agent-based simulation 

have made it a powerful tool for modeling complex systems. It provides a way to analyze 

macro-level system patterns that emerge from behaviors of a large number of micro-level 

individual agents.  

 

To apply agent-based modeling theory to transportation demand, one needs to define first 

the agents involved in the system and then the characteristics of each type of agent. Rules 

need to be constructed in such a way that these agents are able to behave, learn and 

interact with each other. Given an initial condition, all the agents will behave based on 

their “personal” characteristics, learning and interacting rules in the system. The 

transportation system will then evolve to a pattern, not necessarily an equilibrium, from 

which useful information can be extracted. In this sense, travel demand would be the 

result of an evolutionary process. Agent-based modeling techniques have found many 

applications in transportation. A recent special issue of Transportation Research Part C 

(2002, pp. 325-527) is dedicated to this topic. Microscopic traffic simulation can be 

viewed as an example of agent-based models. Vehicles are agents in the simulator and a 

static road network is the environment. Vehicles are “born” at the entrances of the 

network and “die” at the exits. Rules, such as free-flow driving, car-following, and lane-
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changing, define how a vehicle behaves and interacts with other vehicles and the road 

network. Zhang and Levinson (2004) develop a prototype agent-based model for trip 

distribution and traffic assignment. They claim that the agents’ ability to learn, store, and 

apply knowledge differentiates agent-based simulation from traditional microsimulation. 

Also, when individuals’ learning processes are explicitly modeled, the assumption of 

perfect information in not required.  

 

A collection of methods called knowledge acquisition in artificial intelligence allows 

researchers to extract the knowledge individuals use to make decisions. Studies on expert 

systems are interested in the use of expert knowledge to enhance decision-making 

(Durkin 1994). Knowledge acquisition methods can also be used to examine how 

ordinary individuals make decisions for developing descriptive models of human 

behavior. To use these methods, one first needs to identify a form to represent human 

knowledge. Various methods for knowledge representation have been proposed including 

decision tables, decision trees, if-then rules (or production rules), linear classification, 

clusters, neural network, fuzzy logic, logic programming, and instance-based 

representation. A summary of knowledge representation is edited by Brachman and 

Levesque (1985) and available in most expert system and data mining textbooks (e.g. 

Witten and Frank 2000). Once a method for knowledge representation is determined, 

various algorithms can be used to extract knowledge from data. For instance, Quinlan 

(1986, 1993) develops the well-known C4.5 algorithm for decision tree induction. 

Cendrowska (1987) proposes PRISM for producing classification rules. Lavrac and 

Dzeroski (1994) summarize inductive logic programming algorithm for extracting 

relational rules.  These algorithms are often referred to as data mining algorithms because 

they mine useful information from a large amount of data.  
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If travelers use learned heuristics to make decisions, knowledge acquisition methods may 

be used to explore the nature and characteristics of these heuristics, and to predict 

behavior from the extracted decision heuristics. The AMOS model (Kitamura et al. 1993, 

RDC Inc. 1995, Kitamura et al. 1996) estimates an output signal from 36 decision-maker 

characteristics under each proposed policy scenario using an artificial neural network, 

and predicts behavioral responses to the studied policy scenarios using a multinomial 

logit model with the output signal being the only explanatory variable in the utility 

function. Coefficients in the neural network are estimated from a stated preference survey 

specially designed for the AMOS model.  In the ALBATROSS model (Arentze and 

Timmermans 2000), a number of decision trees are derived with each tree predicting one 

choice in the activity scheduling process. AMOS is a policy-specific switching model 

that predicts behavioral adjustments based on an existing activity-travel pattern, while 

ALBATROSS generates a complete activity-schedule pattern based on person and 

household attributes.         

 

2.5. Emerging Policy Issues and Data Collection Methods 

 

Traditional travel demand models assume travelers have perfect knowledge about the 

performance of the transportation system. This assumption has limited travel demand 

models from addressing some emerging policy issues. One of these issues is the design 

and evaluation of advanced traveler information systems (ATIS). If travelers have perfect 

knowledge, it follows that they would not need any information services such as ATIS. 

To resolve this contradiction, travel demand models must consider the imperfectness of 

travelers’ knowledge. The imperfectness of knowledge is three-fold: (1). Travelers do not 

know all alternatives; (2) Travelers are uncertain about the attributes of known 
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alternatives; (3) Travelers do not optimize their behavior based on their limited 

knowledge.  

 

A number of previous studies examine the impacts of ATIS on route choice and traffic 

equilibrium (Van Vuren et al. 1989, Koutsopoulos and Lotan 1990, Ben-Akiva et 

al.1991, Mahmassani and Jayakrishnan 1991, Al-Deek and Kanafani 1993, Khattak et al. 

1993, Koutsopoulos and Xu 1993, Chang and Junchaya 1995, Emmerink  et al. 1995, 

Hall 1996, Abdel-Aty et al. 1997, Maher and Hughes 1995, Deakin 1997, Jha et al. 1998, 

Yang 1998, Wunderlich 1998, Yang and Meng 2001, Lo and Szeto 2002, Wahle et al. 

2002, Levinson 2002, Levinson 2003, Pattanamekar et al. 2003, Srinivasan and 

Mahmassani 2003, Yin and Yang 2003, Lo and Szeto 2004). One study explored the 

effects of ATIS on destination and route choices for shopping trips (Mahmassani et al. 

2003). However, most studies make unverified assumption about travel behavior and the 

imperfectness of information. Few studies discuss the importance of laboratory and field 

experiments (Schofer et al. 1993) for validation of behavioral assumptions. Studies have 

also shown that the provision of information to travelers may or may not be socially 

beneficial depending on how information is provided, who receives information, and how 

travelers with access to information react to information (Mahmassani and Jayakrishnan 

1990, Arnott et al. 1991, Ben-Akiva et al. 1991, Levinson 2003). These results suggest 

that the assumption of perfect information in traditional travel demand models should be 

carefully replaced by other behavioral assumptions for assessing ATIS benefits. A 

coherent framework that allows for proper consideration of experience, information, 

learning, and knowledge in travel decision-making is in order. However, these more 

demanding modeling objectives with imperfect information would require more data for 

estimation and validation. For instance, in order to calibrate a learning model, one needs 

to track individual travel behavior over time.  
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In the 1950s and 1960s, travel demand models were primarily used to evaluate alternative 

major highway capital investments. In the 1970s, the models were adapted for use in 

planning major transit capital facilities. Trip-based models, developed during that period 

of time, were not designed to evaluate emerging policies such as congestion pricing, 

travel demand management, growth management, and vehicle emissions control. In order 

to evaluate these policies, travel demand models need to consider in greater detail the 

complete activity-travel pattern, including scheduling and trip chaining decisions. These 

needs favor the activity-based approach. The conformity issues imposed by the U.S. 

Inter-modal Surface Transportation Efficiency Act (ISTEA) and the Clean Air Act 

Amendments (CAA) also contributed to the revived interests in travel behavior studies.   

 

Recent technological and methodological advancement in travel data collection has made 

it possible to rigorously study behavioral dynamics, the role of learning, and the 

development of spatial knowledge. Traditional household travel surveys are cross-

sectional, while longitudinal or panel surveys have been recently designed and applied to 

record individual behavior at several points in time. Kitamura (1990) provides a summary 

of longitudinal survey methods and applications in travel behavior studies. Hensher 

(1985), Golob (1987), and Goodwin et al. (1990) have also conducted pioneering 

research on behavioral dynamics. The commercial production of Global Positioning 

Systems (GPS) and other wireless communication devices (e.g. cell phones) enables 

researchers, at least in theory, to continuously track individuals’ activity-travel patterns 

with unprecedented accuracy. It is expected that the combination of these emerging data 

collection methodologies and technologies with traditional household travel surveys can 

provide a great deal of data for assessing alternative behavioral assumptions, and for 

comparing alternative structures of travel demand models.       
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 2.6. Summary 

 

After a half-century of continuous development, travel demand models now play an 

important role in the land use and transportation planning processes. A general trend of 

travel demand forecasting is the shift of focus from aggregate estimation to a micro-

behavioral foundation. This transition is driven by both the scientific pursuit of better 

understanding travel behavior and the practical needs of assessing emerging 

transportation policies. Important elements of the travel decision-making process, such as 

search for alternatives, learning, spatial knowledge, and decision heuristics, have been 

incorporated in behavioral theories developed in different fields, such as economic search 

theory, geographic spatial cognition theories, Bayesian leaning in statistics, and bounded 

rationality. However, these separate contributions have not been integrated to construct a 

comprehensive theoretical framework for analyzing travel demand without assuming 

perfect or substantive rationality.      

 

Evidence against perfect rationality spreads across disciplines. Although studies with 

limited scope have shown the potential aggregate prediction biases under assumptions of 

rationality, it is not clear to what extent the adoption of positive theories of travel 

behavior can improve travel demand forecasting and planning decisions. Nevertheless, 

this important issue needs to be addressed for practical purposes. Activity-based 

approaches improve the behavioral realism of travel demand models, but most existing 

computational process models or hybrid process-utility models make another set of 

behavioral assumptions that are not or are inadequately validated. It is relatively 

uncontroversial that an individual is unlikely to behave perfectly rationally. However, to 

what extent actual travel behavior deviates from perfectly rational behavior is a research 

question that should be considered with some rigor. Under these circumstances, the 
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conventional wisdom that a behavioral theory more completely considering the decision-

making process should lead to better prediction should be challenged because the 

accuracy of travel demand models is also restricted by data available for calibration and 

validation.  

 

One observation is that most activity-based travel demand models attempt to generate 

complete activity-travel pattern given a state of an urban system defined by land use, 

population, and socio-economic attributes. The only two activity-travel switching models, 

AMOS and FAMOS, are designed to assess short-term impacts of specific policies. A 

potential advantage of computational process models is their ability to describe 

behavioral adjustment over time. However, modelers have yet to take full advantage of 

this flexibility of computational process models. One possible reason is that current 

behavioral theories do not provide a framework suitable for quantitative modeling of 

behavioral dynamics. Answering research questions, such as when and how travelers 

adjust behavior, and how experience shapes knowledge, belief, and expectations, requires 

further research. An encouraging fact is that longitudinal survey methods and wireless 

technologies have made it possible to track the behavioral adjustment process with 

acceptable cost.  

 

The focus on micro-behavior and micro-macro linkages found in today’s travel demand 

modeling literature may also enjoy various innovative modeling methodologies. Agent-

based modeling techniques allow the consideration of memory, learning, and adaptive 

behavior. These features seem to be desirable for developing behavioral travel demand 

models. Knowledge acquisition methods, with a number of standard algorithms 

developed in artificial intelligence and statistics, enable the extraction of micro-

behavioral rules from empirical data.     
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CHAPTER 3. THEORY 

 

 

This chapter develops a positive theory of travel behavior where “positive” implies that 

the theory describes travel decision-making as it occurs in reality. In contrast, a 

normative theory such as utility-maximization concerns what decision-making should be 

under some normative values and goals. Travel behavior consists of many dimensions 

that affect individual and aggregate travel demand patterns. Transportation researchers 

and modelers have been searching for, with only limited success, a comprehensive theory 

of travel behavior explaining all dimensions of travel behavior. Although a positive and 

comprehensive theory of travel behavior is desirable for obvious reasons, this chapter 

does not presume its existence. Rather, the analytical approach taken explores the 

similarities and dissimilarities of various choice dimensions of travel behavior and 

discusses to what extent and on what ground these choices can be generalized. The theme 

of this chapter is to emphasize behavioral realism, and the consistency between empirical 

evidence and theoretical postulation. The issue of whether a specific behavioral theory 

leads to quantitative and predictive models is addressed in the following chapter on 

modeling methodology. The major theoretical contribution of this chapter is the synthesis 

of overt travel choices at the observation level and spatial knowledge at the underlying 

cognitive level. The beginning section generalizes behavioral elements that are common 

to various travel choices. The intermediate section theorizes individuals’ travel decision-

making from a behavioral process-oriented perspective. The ending section discusses the 

uniqueness and value of the proposed positive theory of travel behavior, as well as a 

procedure for application.       
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3.1. Characteristics of Travel Decision-Making Processes  

 

Travel behavior analysis is both a branch of engineering and of social science because it 

cares about individuals’ travel decision-making processes and their interactions as a 

group on infrastructure. The scope of travel behavior analysis includes all decisions that 

affect demand patterns in the transportation system. At the individual level, choices 

related to migration, income, lifestyle, activity participation and mobility affect where, 

when, with whom, and how an individual travels.  However, decisions that have inter-

related impacts do not necessarily stem from similar decision-making processes, which 

makes challenging the task of developing comprehensive and coherent theories of travel 

behavior. The first subsection summarizes the characteristics of various dimensions of 

travel choices with the goal of identifying common decision elements. Since there are 

several well-known general theories of human behavior described in the previous chapter 

that may provide conceptual frameworks for travel behavior analysis, subsection 3.1.2 

recognizes their values and critiques their inadequacies in describing travel behavior.    

 

3.1.1. AN ANATOMY OF TRAVEL CHOICES  

 

Human decisions that determine travel demand patterns are summarized in Table 3.1. 

Unlike many studies that use a flowchart to highlight the hierarchical structure of travel 

choices, a table is used here to avoid any implicit indication of sequence. Mobility and 

lifestyle choices in general constrain but do not necessarily occur before activity and 

travel choices. For instance, a person’s vehicle ownership choice (for the sake of 

argument, say no car) constrains mode choice (leading to bus as a likely mode), but mode 

choice may occur before residential location choice (somewhere close to a bus line). 
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Various travel choices occur in a dynamic fashion and the interactions between them are 

seldom unidirectional.  

 

Table 3.1. Travel-Related Choices  

Mobility and Lifestyle 

 

Residential location 

Work location 

Work schedule 

Automobile ownership 

Access to information services 

Marriage 

Having kids 

Social network 

Hobbies 

Planned Activity and Travel  

 

Activity type 

Activity participation 

Activity frequency 

Activity timing 

Activity duration 

Activity sequence 

Trip chaining 

Destination 

Mode 

Route 

Adjustments to  

Unexpected Stimuli 

Activity participation 

Activity timing 

Activity duration 

Activity sequence 

Trip chaining 

Destination 

Mode 

Route 

 

 

 

Mobility and lifestyle choices are typically mid- to long-term decisions. These decisions 

are either irreversible, or reversible at a significant cost. In contrast, activity and travel 

choices can be altered on a daily or weekly basis. This difference in time-scale suggests 

that outcomes of mobility and lifestyle choices may be viewed as constraints on activity 

and travel choices. But in the long run, outcomes of activity and travel choices could also 

impact mobility and lifestyle choices. When an activity and travel plan is executed, 

certain stimuli such as unexpected delay at an activity or on a route may cause 

unexpected adjustments to the plan.   
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The various choices listed in Table 3.1 are associated with different constraints. In 

general, they are all influenced by four major groups of external constraints: 

transportation system characteristics, socio-demographic characteristics, life cycle, and 

time budget. Although transportation system characteristics such as mobility and 

accessibility are jointly determined by infrastructure supply and a large number of 

individual choices, they can be considered external factors because each individual takes 

system performance as given and has negligible impacts on system performance. The 

relationships among various activity, mobility and travel choices are also complicated 

and interwoven, and the obviously non-trivial and directional effects are shown in Figure 

3.1. For instance, residential location choices are typically constrained by job location, 

income, household structure, and transportation system characteristics. It is also possible 

that job location is constrained by residential location in some cases. Aside from external 

factors, destination choice for discretionary activities is also affected by job and 

residential locations, activity timing and duration, and mode. In turn, destination choice 

may influence activity schedule, mode, and residential location choice.  

 

All elements in Figure 3.1 are overt or observable choices, and they occur at what will be 

referred to as the observation level. Behavioral theories at this level inquire into the 

relationships among these observable choice dimensions and external constraints, and 

provide hypotheses about statistical association and causal effects. These hypotheses can 

then be tested using various statistical techniques such as regression, and structural 

equation models.  The development of a discrete choice model for mode choice, a 

structural model that examines whether destination choice occurs before or after mode 

choice, a nested model that explores hierarchical decision-making processes, or a model 

of worker or non-worker shopping patterns all belongs to the large body of literature on 

travel behavior at the observation level. However, in order to understand the whole 
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picture of mobility, lifestyle, activity, travel choices, and their relations, behavioral 

theories at the observation level would require detailed examination of all possible effects 

(imagine all choices in Figure 3.1 are connected by arrows to all other choices) unless 

some effects are clearly trivial. Since data restrictions force most studies to model a 

limited number of choice dimensions, the validity of specification and hypotheses testing 

using these partial models is questionable.  The presence of indirect effects among choice 

dimensions further complicates these studies.  

 

Figure 3.1. Travel choices analyzed at the observation level 

 

The purpose of this section is not to propose an integrated framework under which all 

travel-related choices can be analyzed at the observation level. Rather, the attention is 

now turned to commonalities among these choice dimensions. Although location, 

scheduling, mode, route and other choices influence different aspects of activity travel 

 

Work location

Residential 
location 

Work schedule

Auto ownership 

Access to information  

Activity participation

Activity frequency 

Activity timing 

Activity duration 

Activity sequence 

Destination 

Mode 

Route 

Transportation  
system char. Lifestyle

Socio-economic& 
demographic char. Time budget 
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patterns, occur on different time scales, and encounter different constraints, they may 

possess some similarities that suggest a way for theoretical generalization at other levels. 

 

Most travel-related choices involve a number of alternatives that individuals need to 

identify by themselves. This may sound trivial, but implies there is a search process. The 

characteristics of the search process determine what alternatives will be considered, and 

in what order they are considered. It is unlikely the search process will examine all 

alternatives. Characteristics of alternatives are often stochastic. Such uncertainty and 

search incompleteness cause most travel decisions to be made under imperfect 

knowledge.  Knowledge is developmental. A resident new to a city has little spatial 

knowledge about the city. Various information sources provide external spatial 

information, such as maps, navigation experience, media, and other individuals. Learning 

plays an important role by coding information to spatial knowledge that can be used to 

make decisions.  For instance, when choosing residential location, a household searches a 

certain number of candidate houses. It may rely on a real estate agent or advertisements 

in newspapers for housing information. During the search, the household gradually learns 

about the housing market, accessibility, safety, and other characteristics of various 

neighborhoods, which leads to improved spatial knowledge about the city. The final 

buying decision is made based on the information and knowledge learned during the 

search process. Similar search, learning, and decision processes can be constructed for 

destination, mode, and route choices. In terms of scheduling choices, an individual or a 

household searches for a schedule in which all planned activities can be accommodated.      

 

Several implications are worth highlighting based on the above discussion of similarities 

among travel-related choices.  First, a theory of the search process should be applicable to 

modeling a number of travel choices. Second, various travel decisions are made based on 
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a common knowledge base, that is the spatial-temporal knowledge about locations, 

activities and travel options. Third, knowledge is developed through a learning process. 

Current choices provide experience that improves spatial-temporal knowledge that shapes 

future choices. The consideration of search, learning and knowledge implies a multi-level 

description of the travel decision-making process illustrated in Figure 3.2.  Compared to 

Figure 3.1, a cognitive level is added to the observation level. This representation shifts 

focus from horizontal relationships between choice dimensions at the observation level to 

horizontal relationships between cognitive components and vertical relationships between 

the two levels, or from statistical associations to the underlying cognitive processes. 

Analyses of the cognitive processes could lead to a more unified description of travel 

decision-making processes. These ideas are formalized in Section 3.2 where a positive 

theory of travel behavior is proposed.     

 

3.1.2. A NOTE ON PERFECT AND BOUNDED RATIONALITY   

 

Since some common features of various dimensions of travel choices suggest a multi-

level process-oriented description of travel decisions, we may ask whether existing 

theories of human behavior are sufficient to describe the search, learning, and decision 

processes. Two theories that have been applied in previous travel behavior analysis are 

discussed in this subsection: perfect rationality, and bounded rationality.  
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Spatial Knowledge 
 
Search heuristics 
 
Decision heuristics 
 
Learning method 
 

The observation level: Overt travel behavior 

The cognitive level: Underlying decision-making process

Experience Choice 

 

Figure 3.2. A bi-level representation of the travel decision-making process 

 

 

Perfect rationality, as a description of actual human behavior, has several limitations. The 

assumption of perfect knowledge obviously contradicts concepts such as search and 

learning. Bounded rationality recognizes that limited human perceptual, cognitive, and 

computational capacities prohibit the pursuit of objectively rational behavior, and 

hypothesizes that “satisficing” decision rules are often used. The search process may be 
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reasonably approximated by satisficing rules as individuals search for a satisfactory 

alternative. However, the general theory of bounded rationality sheds little light on 

questions such as how alternatives are searched, when an individual considers an 

alternative satisfactory, whether and how an individual’s aspiration level changes as 

search proceeds, and how experience influences future decisions. In other words, 

bounded rationality does not specifically address issues related to search strategy, 

learning, and knowledge. Nevertheless, these issues are important for modeling behavior. 

For instance, an individual with a very low expectation will accept any feasible 

alternative and stops searching, while others with higher expectations will more likely 

end up with a better feasible alternative.  In the case of route choice, slightly better 

choices at the individual level can collectively produce a significantly lower level of 

congestion. In summary, the theory of bounded rationality is too general to guide travel 

behavioral analysis and travel demand modeling. Furthermore, individuals may use 

certain heuristics to make travel decisions, and the interpretation of these heuristics may 

go well beyond the axioms of bounded rationality. The theory proposed in the next 

section provides a more detailed and more complete account of travel decision-making 

than bounded rationality theory.  

 

3.2. A Positive Theory of Travel Decision-Making Processes  

 

Compared to rational behavioral theory, the positive theory of travel behavior developed 

in this section emphasizes the role of search, information, learning, and knowledge in 

travel decision-making. Figure 3.3 illustrates the travel decision-making process 

hypothesized in the proposed theory. At any given time, an individual has an existing 

level of spatial knowledge about places, activities, and transportation systems in an urban 
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area. When there emerges a problem or a stimulus, for instance, congestion that is 

recently aggravated on the journey to work, the spatial knowledge can be drawn upon to 

solve the problem. The problem-solving process consists of several procedural steps in 

the true behavioral sense. An individual first checks the level of aspiration, which is a set 

of beliefs and expectations that determines the subjective expectation of gains from 

search. When the existing limited spatial knowledge does not provide a feasible 

alternative, additional information needs to be obtained. At this stage, a choice has yet to 

be made and executed, information is gathered from secondary sources including maps, 

media, various information services, and other individuals. Mental effect and costs 

associated with information acquisition can be generalized as a search cost. Perceived 

search cost and search gains result in a tradeoff that determines if a search for alternatives 

is worthwhile. Two important premises regarding spatial knowledge and aspiration are: 

(1) Spatial knowledge is quantifiable; (2) The aspiration level is largely determined by 

spatial knowledge. If these two hypotheses are rejected, the theory is only a qualitative 

description of the travel decision-making process that cannot lead to quantitative models.  

Justifications of these and other assumptions are provided in later subsections that discuss 

individual components in Figure 3.3 in greater detail.  

 

If the individual decides not to search for alternatives, the individual keeps the status quo 

and executes repetitive learned or habitual behavior. When a search process is invoked, 

search methods and heuristics are employed to identify alternatives. A search method is 

essentially a mapping from spatial knowledge, which might have been improved after 

some additional information is acquired, to one or more alternatives. A central hypothesis 

of the theory is that the search method used by travelers differs significantly from random 

search in which all feasible alternatives are considered with equal probabilities. The order 
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of search is also important because in many cases, individuals do not consider all 

alternatives, and they choose the first satisfactory alternative.         

 

 

Figure 3.3. Conceptualizing the travel decision-making process 

 

The subsequent decision step chooses an alternative to execute. The decision rule maps 

perceived attributes of alternatives to a choice. For instance, utility-maximization is a 

decision rule, though a normative one that may not approximate the actual decision rule 
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very well. The outcome of the decision step is provisional trial-and-error behavior. The 

execution of the provisional trial-and-error behavior provides first-hand experience about 

the actual attributes of the temporarily-chosen alternative at the time of trial.  Experience 

is the direct source of information. 

 

Information from both direct and indirect information sources is filtered through a 

learning step. The learning process codes information to the existing knowledge 

structure. After new experience is learned, updated knowledge may alter the aspiration 

level. For instance, repetitively encountering congestion on several alternative routes 

between an origin-destination pair could reduce the standard for a “satisfactory” route 

connecting that origin-destination pair. A new round of search for an alternative may 

occur if the existing choice does not satisfy the aspiration level.  

 

Eventually, the decision-making process in response to a specific stimulus in Figure 3.2 

will end when search stops. The termination of search is signaled by a subjectively 

perceived search gain lower than perceived search cost. A sufficiently “good” alternative 

has been identified; or the aspiration level has been adjusted downwards as search 

proceeds. Although search stops at some point, the updated spatial knowledge after a 

search process becomes the new knowledge base that influences later travel decision-

making processes. For instance, a search for alternative routes to work may provide new 

knowledge about shopping located along tried routes, and affects shopping destination 

choices.  

 

Socio-demographic characteristics enter the decision process by influencing the search 

method and decision rule. Various situational, environmental, household, spatial, and 

temporal constraints limit the search space.    
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The following subsections elaborate on individual components of the hypothesized travel 

decision-making process, present empirical evidence of the existence and properties of 

search, information, learning, and knowledge in travel decision-making, and develop a 

set of mathematical notation to facilitate further discussion and modeling of these 

components in later chapters.   

 

3.2.1. SPATIAL KNOWLEDGE  

 

It has been argued that the brain’s hippocampus contains spatial knowledge (O’Keefe and 

Nadel 1978). Geographers conceptualize human spatial knowledge as having three main 

components (Golledge and Stimson 1997). The declarative component includes 

knowledge about the existence of places, and attributes of these places that differentiate 

them from each other and endow them with meaning and importance. The relational 

component contains information about spatial relationships among the declarative 

components, which includes concepts such as direction, proximity, and hierarchy. The 

procedural component is closely associated with movement and spatial processes. It links 

declarative components to develop concepts such as paths. Any attempt to incorporate 

spatial knowledge into a theory of travel decision-making should be challenged first with 

the measurability of spatial knowledge. Methods for direct measurement of the level of 

spatial knowledge within the human brain have yet to be developed. It is also reasonable 

to conjecture that internal measurement of knowledge with an acceptable degree of 

accuracy will not be available for decades to come.  Geographers have been relying on 

external representation methods, such as pointing (Haber et al. 1993), sketch maps 

(Lynch 1960, Milgram and Jodolet 1976), actual travel (Moar and Carlton 1982), and 

multidimensional methods (Golledge 1974, Kruskal et al. 1976), to measure spatial 
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knowledge. The process of externalization of spatial knowledge is assumed unbiased. 

There is evidence that this external representation is consistent over time (Blades 1990).     

 

The acquisition and organization of spatial knowledge are important issues as they likely 

determine how spatial knowledge is drawn upon to solve spatial tasks. Many have agreed 

upon the metaphor that internal spatial knowledge is stored in a map-like format. 

Empirical studies also suggest the cognitive map (or mental map) is a biased and 

incomplete replication of an area (Tversky 1981, Loomis et al. 1989), while the degree of 

bias and distortion can be reduced with increased experience (Golledge et al. 1985, Gale 

et al. 1990). There is also strong evidence that spatial information is organized in a 

hierarchical structure. Places (Stevens and Coupe 1978, Chase 1983, Hirtle and Jonides 

1985, McNamara 1986) and streets (Pailhous 1970, Elliott and Lesk 1982, Streeter and 

Vittelo 1986, Peruch et al. 1989) are ordered according to their importance to an 

individual and their prominence (i.e. ease of identification) into primary, secondary, and 

lower-order entities. A common explanation is that the hierarchical structure of spatial 

knowledge offers economy of storage of information in memory and simplifies the 

retrieval of knowledge when spatial tasks such as wayfinding and location choices arise. 

It also comports with the hierarchical structure of pattern storage in the brain (Hawkins 

and Blakeslee 2004).     

 

One of the major purposes of travel behavior analysis is the development of accurate 

travel demand models. Two specific theoretical questions concerning spatial knowledge 

deserve attention: (1) Is spatial knowledge quantitative; (2) Whether and how individuals 

integrate knowledge of places and paths learned separately.  
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The degree to which spatial knowledge can be quantified not only has theoretical 

importance, but also defines study methods. If spatial knowledge is largely qualitative, 

developing mathematical models of spatial knowledge becomes a questionable research 

approach. However, there does not seem to be sufficient evidence on either side.  

Theories of spatial knowledge in general assume the process of acquiring spatial 

information is characterized by quantitative accumulation of metric information 

(Montello 1998), or by a transition from non-metric to metric forms during a person’s 

lifespan (Siegel and White 1975, Golledge 1978, Kuipers 1978). It is assumed here that 

for travel decision-makers (mostly adults), spatial knowledge is quantifiable, which is 

consistent with these theories. Let there be an area completely covering the activity-travel 

space of an individual, and at most M locations in this area, with each characterized by no 

more than X attributes, for conducting any one of N basic types of activities. Let the 

transportation systems in the area be comprised of R different modes, with each having at 

most S links characterized by no more than Y attributes.  An individual may visit a place 

or use a link multiple times, and let there be a large integer O such that the individual can 

at best recall experience in the most recent O visits.  The declarative component of spatial 

knowledge K can thus be quantified as a vector composed of at most N·M·X·O + R·S·Y·O 

elements. To quantify the relational and procedural components of spatial knowledge is a 

more difficult task. It is generally agreed that the cognitive map has a reckoning system 

through which relations can be defined (Jonsson 2002). Assume a declarative component 

is defined by no more than Z attributes in the cognitive map. These attributes are not 

necessarily in a coordinate form, and may be quantities such as directional angle, and 

cognitive distance between two locations. All relational components of spatial knowledge 

can then be quantified by a vector of at most N·M·Z + R·Q·S elements. Procedural 

knowledge can be viewed as a set of rules that establish processes connecting quantified 

declarative and relational knowledge. Since the developmental nature of spatial 
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knowledge is well documented and supported by empirical evidence, it is necessary to 

add a time index t to spatial knowledge, Kt.          

 

An individual’s ability to integrate spatial knowledge learned from separate sources and 

experience determines if it is reasonable to assume all components of Kt can be used by 

the individual when a spatial task emerges at time t. An alternative hypothesis would be 

that individuals develop fragmented spatial knowledge with each chunk of knowledge 

used for a specific spatial task. Siegel (1981) finds that separately learned routes are 

integrated with reasonable accuracy. Golledge et al. (1983), also based on empirical 

findings, argue that increased travel experience facilitates knowledge integration. 

Consistent with the empirical evidence, it is reasonable to assume that Kt can be updated 

by all travel experience, and the origin of elements in Kt does not affect their usefulness 

or accessibility for problem-solving. For instance, a shopping center learned during a 

search for housing may be used for destination choice. A shortcut learned during the 

work trip can improve the choice of routes to a non-work activity years later.  

 

The last assumption about spatial knowledge is that spatial knowledge determines the 

aspiration level when a spatial task needs to be solved.  A direct hypothesis resulting 

from this assumption is that individuals have different beliefs and aspiration levels 

because their spatial knowledge is distinct.  Let B denote expectations and aspiration 

levels. B is a function of only spatial knowledge K, or Bt = b(Kt). This assumption also 

implies that experience and secondary information sources can cause adjustment of the 

aspiration level, as they update spatial knowledge. Aspiration can be viewed as a set of 

expectations or beliefs (the words are used interchangeably). For instance, an individual 

may expect to travel from home to work within thirty minutes. With this belief, this 

individual’s aspiration level is unlikely to be met or satisfied when the actual travel time 
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on a specific route exceeds thirty minutes. However, repeatedly observed actual travel 

times longer than thirty minutes on different routes may cause the individual to adjust 

belief. This adjustment process is discussed in detail in Section 3.2.5 on learning.  

 

3.2.2. SEARCH   

 

Search is a procedure through which alternatives that solve a spatial problem are 

identified based on spatial knowledge. Search is characterized by three elements: 

constraints, search method, and search cost. There are usually a number of alternatives 

that an individual can adopt to meet a specific activity-travel demand. Various types of 

constraints (denoted by set θ) exclude certain alternatives from the search process. 

System constraints may include functions of places, schedules of activity destinations and 

transportation modes, and connectivity of transportation networks. Household 

constraints, such as household tasks and vehicle ownership, often cause coordination of 

activity-travel patterns among household members. The most important personal 

constraints to search include time budgets, information incompleteness, and human 

computational capability.   

 

A search method (S) is essentially a mapping from spatial knowledge to one or more 

feasible alternatives (A) given a set of constraints; S: A ← (Kt , θ). Attempts to model 

demand as the outcome of individuals’ search processes dates back to the 1950s in 

economic studies (Stigler 1961). Analytical models of human search processes often 

assume random search, which implies all feasible alternatives have equal probabilities of 

being searched by the decision-maker. This produces mathematical tractability in the 

analysis, but is in general a poor assumption in spatial behavior. Individuals tend to 

examine alternatives perceived to be better earlier in the search process.  Empirical 
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evidence suggests that location search (Humphreys and Whitelaw 1979) is characterized 

by non-randomness and systematic biases. It should also be obvious that route search is 

not random because travelers tend to only consider routes that appear to be effective. The 

question of what strategies individuals actually use in spatial search is one of the most 

important research topics in travel behavior studies, and is essential to positive theories of 

travel behavior. For instance, when a stimulus such as traffic congestion on a work trip is 

present, it is important to understand what alternatives an individual considers to avoid 

congestion, in what order they are searched, and why. Important theoretical constructs in 

the proposed positive theory of travel behavior that answers these questions are the 

concepts of multi-dimensional search cost and search gain.         

 

The search method is not implemented without cost. Search for an alternative usually 

involves mental and physical effort such as acquiring information when existing spatial 

knowledge is not sufficient, generating an alternative from declarative and relational 

components of spatial knowledge (e.g. finding a path with knowledge of link properties 

and connectivity), experimenting with the alternative, and assimilating new experience. 

Let all these inconveniences be represented by a perceived search cost vector (C).  Search 

for an alternative job location is perceived to cost Cj, an alternative residential location 

Ch, an alternative destination Cd, an alternative transportation mode Cm, an alterative 

departure time Ct, an alternative activity duration Cd, an alterative route Cr, etc.. 

Likewise, a vector of subjective expected search gains (G) can be defined, which are 

from an additional search for an alternative job location (Gj), residential location (Gh), 

etc.. While search costs depend on experience, personality, and psychological factors and 

may be only derived from empirical studies, it is reasonable to assume that search gains 

are a function of beliefs (B), and properties of the existing alternative that are 

components of current spatial knowledge (K). That is G = g(B, K). For instance, assume 
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that it currently takes thirty minutes for an individual to travel from home to work (K). If 

this individual believes (B) that the chance of finding a route from home to work with a 

twenty-minute travel time is fifty percent, and finding a route with a thirty-minute travel 

time is also fifty percent, the perceived expected gain (Gr) from searching for an 

alterative route would be equivalent to a five-minute travel time saving ( 0.5×(30 – 20) + 

0.5×0 = 5 ). Empirical methods for estimating search costs are discussed and 

implemented in the next two chapters.   

 

Asides from information acquisition and processing effort, there is also another source of 

cost associated with search behavior. The decision of whether or not to search for 

alternatives exemplifies human decision-making under uncertainty and risk. The payoff 

of an addition search is probabilistic and individuals may lose if the materialized search 

gain is not sufficiently large. It has been found in empirical studies that human develops 

various heuristics to cope with uncertainty (Tversky and Kahneman 1974). The 

parameter, perceived search cost, could be viewed as a heuristic decision rule in uncertain 

and risky situations. Individuals would not engage in search unless they believe the 

expected search gain would exceed a threshold value, defined as the perceived search 

cost herein. This threshold is expected to vary from person to person. Economists and 

statisticians explain human behavior under uncertainty with expected utility theory, and 

use terms such as risk aversion, neutrality, and risk seeking (Friedman and Savage 1948, 

Markowitz 1952, Pratt 1964, Arrow 1965, Ross 1981). With the seam expected search 

gain, a risk-averse person who would refuse a fair bet tend to search less and has a higher 

perceived search cost than a risk-seeking person who enjoys taking chances. Therefore, 

the distribution of search costs among a group of individuals reflects to a certain degree 

the risk averseness of that group.    
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There also exist intra-person variation of search parameters. The perceived search cost 

for a particular person may be higher when the person is facing high time pressure. 

Individuals are more likely to search for alternatives and explore an area or a road 

network when they have excess time. The expected search gain for a particular person on 

a specific trip should increase when, for instance, the level of congestion on the existing 

route increases.         

 

With search cost and gain defined, it is possible to discuss search initiation, a stopping 

rule, and some properties of search order. The propensity to search for alternatives should 

increase as search cost decreases and gain increases. A boundedly rational traveler 

always starts search when subjective search gain exceeds perceived search cost for any 

group of alternatives (a group may be all feasible alternative job locations, or all feasible 

alternative routes, etc.), and ends search when search cost exceeds search gain for all 

groups of alternatives. Moreover, a boundedly rational traveler will first search the group 

of alternatives with the largest positive difference between search gain and cost. Let a be 

the index of groups of alternatives. In mathematical terms, search starts if (there exist an 

∈a A, Ga > Ca); search ends if (for all ∈a A, Ga ≤ Ca); the group of alternatives that will 

be searched first (group a*) satisfies the following condition – (for all ∈a A & a ≠ a*, Ga – 

Ca < Ga* – Ca*). Although this theorization of search initiation, stopping, and order using 

assumptions of bounded rationality is convenient, it should also be possible to use more 

general assumptions. For instance, one can define a mapping V from subjective search 

gains, costs, and other factors to a*, V: a*← (G, C, θ, P, η), where θ is the set of 

constraints, P is a vector of personal characteristics, and η is the set of stimuli that cause 

the individual to consider alternatives. If a* is an empty set, it implies search stops; 

otherwise, search continues. Empirical evidence on the properties of this mapping 

process is lacking, and one can only conjecture the possible functional forms. However, it 
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is possible to observe variables in this mapping process using surveys or field 

experiments, and further studies in this regard should not encounter major 

methodological problems. 

 

Once an individual decides to search among alternatives in group a* (e.g. search for 

alternative routes first), the theoretical issue is about the actual search method, Sa*: A ← 

(Kt , θ) (e.g. which alternative route is considered first given spatial knowledge and 

constraints). The methods individuals use to search for job locations, for residential 

locations, for destinations, for schedules, and for routes, are likely to be different, and 

should be examined by separate empirical studies. Later chapters of this dissertation 

develop a method to empirically derive individuals’ search methods.        

  

3.2.3. DECISION RULE 

 

After each round of search, at least one alternative (A) will be identified. A decision rule 

(D) determines which alternative (A*) will be chosen based on limited spatial knowledge, 

D: A*← (A, K).  If only one new alternative is identified during each round of search, the 

decision rule is actually a switching rule whereby an individual either sticks to the current 

alternative or switches to the new alternative.  Since spatial knowledge is imperfect, the 

decision rule exhibits information incompleteness. Some attributes of alternatives may be 

unknown; or the perceived attributes may differ form their true values.  

 

Well-known decision rules include utility maximization (the decision maker always 

chooses the alternative corresponding to the maximal utility, however defined), 

satisficing (the decision maker selects the first alternative with a set of attribute values 

that exceed their respective thresholds), elimination by aspects (alternatives with any 
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attribute values lower than their respective thresholds will not be considered), and 

lexicographic rules (the decision maker selects the alternative with the best value for the 

most important attributes, and if there is a tie, selects among the tied alternatives the one 

with the best value for the second most important attribute, and so on). It is interesting 

that all these proposed decision rules can be generalized as a set of production rules or if-

then rules. They differ from each other on prior assumptions of the structure of the if-then 

rules. Utility maximization assumes transitivity, continuity, and completeness of utility, 

and that attributes characterizing an alternative are compensatory. Satisficing rules 

assume minimum standards of satisfaction for all attributes. Lexicographic rules assume 

that the importance of attributes can be ordered, and that differences between alternatives 

on higher-order attributes dominate differences on lower-order attributes.  Elimination by 

aspects assumes both ordering of attribute as in lexicographic rules and minimum 

standards as in satisficing rules. A more general decision rule could be derived with only 

the assumption that if-then rules reasonably represent the decision process. When these 

if-then rules are empirically derived, they may better replicate the actual decision rule 

than those discussed above, because fewer constraints on the structure of the if-then rules 

are imposed.  

 

3.2.4. INFORMATION 

 

After a decision is made, an individual will execute the decision, which provides 

experience to this individual. Experience is the direct source of information, which 

consists of actual attributes of the chosen alternative and other spatial information 

directly obtained during the trip. Other secondary sources of information include maps, 

media, conversations with others, navigational guidance systems, and other information 

services. Information acquisition from secondary sources may be invoked during the 
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search process when existing spatial knowledge is not sufficient, or may occur simply by 

chance without significant motivation. Similar to spatial knowledge, spatial information 

useful to individuals also includes declarative information such as the existence and 

properties of an object (e.g. places, transportation links, traffic control devices) or an 

event (e.g. congestion on a specific link), relational information such as network 

connectivity and directions, and procedural information such as wayfinding clues. 

Likewise, information can also be quantified. An individual’ spatial knowledge is always 

a subset of the information available to the individual (I), K⊂ I. This is because 

information acquisition and processing are costly. An individual’s actual spatial 

knowledge may not be consistent with the information available in the decision 

environment due to perception and cognitive biases.    

 

Three important properties of information are its form, cost, and accuracy. All affect how 

information shapes spatial knowledge, and hence beliefs, search, and decisions. The form 

and cost determine the ease of acquiring and assimilating the information for decision-

making, a source of search cost. Accuracy is positively related to the impact of 

information on beliefs and behavior.   

 

3.2.5. LEARNING  

 

Learning (L) is the process though which spatial knowledge is updated by new 

information; L: Kt+1 ← (It  , Kt). It is essential in the developmental view of spatial 

knowledge. The explicit consideration of the imperfectness of spatial knowledge in the 

proposed positive theory of travel behavior requires description of the learning process. 

Although it is obvious that learning takes place in travel behavior, quantitative theories 

and models of spatial learning are almost nonexistent. There are several important issues 
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in spatial learning. Individuals accumulate spatial information continuously, and the 

relative importance of old and new information in the learning process needs to be 

considered. More recent information is clearly superior and more relevant than 

information obtained long ago. However, the fact that individuals do not abruptly change 

behavior according to one-shot events implies older information remains effective for a 

certain amount of time. When new information conflicts with existing knowledge and 

beliefs, individuals must use some mechanism to resolve the conflict. To what extent the 

actual mechanism differs from existing learning theories such as Bayesian learning is an 

important theoretical issue.  

 

Bayesian learning theory relies on the premise of some prior knowledge (K). When new 

information (I) from various information sources becomes available, learning occurs and 

obeys Bayes theorem. The posterior knowledge can be expressed using conditional 

probabilities: P(K|I) = P(I|K)·P(K)/P(I) (or posterior = likelihood · prior / evidence). The 

Bayesian approach provides a mathematical rule explaining how existing knowledge and 

beliefs are changed in the light of new evidence. As discussed in subsection 3.2.1, spatial 

knowledge consists of declarative, relational, and procedural components. Declarative 

knowledge includes the existence and attributes of spatial objects. While Bayesian 

learning is capable of describing updates of spatial knowledge about the attributes of 

spatial objects, and relations between spatial objectives when repeated observations are 

available (e.g. travel time on a roadway section, waiting time at a transit station, level of 

congestion for a specific trip during a peak hour, attractiveness of housing units in a 

neighborhood, distance between an origin and a destination, closeness of a shopping 

center to the route from work back home), it is difficult to apply Bayes rule to explain the 

process of learning the existence of spatial objects and the procedural components of 

spatial knowledge.  
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Individuals either know or do not know the existence of a spatial object. The issue of 

learning existence information is in fact a question of when individuals are exposed to 

what spatial objects. Individuals’ knowledge about the existence of locations and 

transportation options determines their activity space and search space, and therefore 

influences behavior. Perfect knowledge about the existence of locations and 

transportation links may be too strong an assumption. Anchor point theory (Golledge 

1978) suggests that individuals organize spatial knowledge based on anchor points that 

are either most important to them (e.g. primary nodes and paths such as workplace, 

residential location, higher-order roads) or most prominent (e.g. a landmark), and that 

objects surrounding the primary nodes and paths then gradually fill out the cognitive 

map. There is strong empirical evidence of the hierarchical structure of spatial knowledge 

(Pailhous 1970, Stevens and Coupe 1978, Elliott and Lesk 1982, Chase 1983, Hirtle and 

Jonides 1985, McNamara 1986, Streeter and Vittelo 1986, Peruch et al. 1989). Two 

hypotheses can be derived from this theory of spatial knowledge and learning: (1) 

Individuals are more aware of places closer to the primary nodes and paths; (2) 

Individuals are more aware of higher-order roads when finding paths.  The observation 

that some drivers intentionally avoid primary roads such as limited access highways does 

not refute this hypothesis. These drivers are more comfortable with lower speed and 

stress on arterial roads, and may seek secondary roads parallel to primary roads in 

wayfinding before considering tertiary roads.      

 

Individuals use procedural spatial knowledge to construct paths and activity sequences 

from declarative and relational knowledge. It is most likely that a trial-and-error approach 

is used to learn procedural knowledge. The search method discussed in subsection 3.2.2 

is actually a major type of procedural knowledge. Individuals use search rules to find 
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useful alternatives, such as a path or a schedule, to meet travel demand. Some argue the 

procedural knowledge can be expressed in a set of if-then statements (Golledge and 

Stimson 1997, pp. 163). Modelers have used if-then rules to describe the procedure 

individuals use to learn residential locations (Clark and Smith 1985), destinations (Wolfe 

1988), and networks (Leiser and Zilbershatz 1989). One can imagine learning procedural 

knowledge as an evolutionary process in which new procedural rules are generated 

intermittently, and ineffective procedural rules are eliminated on an experiential basis. It 

is reasonable to assume that procedural knowledge (how) is more stable than declarative 

and relational knowledge (what) for adults. For instance, travel costs in a network change 

frequently as demand and control policies change, but the method travelers use to find 

paths and places may be only marginally affected. This assumption allows one to ignore 

the process of learning procedural knowledge, and to focus on extracting procedural rules 

from empirical studies.     

 

3.3. Summary  

 

Using the notation system developed in the previous subsections, it is possible to 

summarize the proposed positive theory of travel behavior with a simpler flowchart 

(Figure 3.4c). This conceptualization of the travel decision-making process describe 

behavior as the consequence of interactions between information (I), spatial knowledge 

(K), beliefs and expectations (B), search methods (S), subjective search gains (G) and 

costs (C) among various groups of alternatives, and decision rules (D). The issue of how 

to implement this proposed theory for travel behavioral analysis and travel demand 

modeling is addressed in the next chapter. This section focuses on the theoretical 

advantages of the proposed theory, which can be best understood by comparison with 
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behavioral theories and assumptions underlying existing travel demand models. Ben-

Akiva and Bowman (1998) compare activity-based travel demand models using 

econometric and microsimulation approaches plotted in Figures 3.4a and 3.4b 

respectively, and generalize the assumed decision protocols in these models as a two-

stage process of search and choice. Although only three econometric and three 

microsimulation models are discussed in that study, the two-stage representation of the 

decision process can be found in more than a dozen activity-based models identified in 

Section 2.1.       

 

An obvious distinction of the proposed positive theory of travel behavior is its explicit 

consideration of the limitation and development of spatial knowledge. An important 

reason why actual human behavior differs from perfect rational behavior is the 

incompleteness of information and knowledge. This is recognized in existing travel 

demand models by various assumptions of search heuristics. However, without detailed 

scrutiny of the underlying structure of spatial knowledge, these assumptions are 

inevitably somewhat arbitrary and hard to compare. The consideration of spatial 

knowledge in the behavior theory also allows one to relax the assumption of perfect 

knowledge in the most logical way, and to examine the role of learning that assimilates 

new information. This should prove valuable for studies on the impact of advanced 

traveler information systems on travel choices, because all types of information affect the 

decision process by updating knowledge and beliefs.  
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Figure 3.4. Comparison of underlying behavioral assumptions 

 

The developmental nature of spatial knowledge incorporated in the proposed theory 

enables exploration of historical dependencies in travel behavioral analysis beyond that 

achievable with aggregate statistical methods. Prior experience influences future behavior 

because experience shapes knowledge and belief through the learning process. By 

tracking the development of individuals’ spatial knowledge, modelers should be able to 

examine the dynamics of travel behavior at the individual level.  
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Major theoretical weaknesses of the existing activity-based models are that the choice set 

either is too large to be realistic (especially in econometric models), or inadequately 

represents the search process (especially in microsimulation models) (Ben-Akiva and 

Bowman 1998). There is not a rigorous behavioral theory underlying the assumed search 

process in the existing models.  This would seem surprising since search theory has been 

developed and continuously improved since the 1960s, only several years after the 

seminal studies on travel demand forecasting in Chicago and Detroit. Standard search 

theory in economics assumes bounded rationality in that consumers start (stop) search 

when expected search gain exceeds (falls short of) search cost. However, the “economic 

man” assumed in the economic literature on search theory faces a simpler choice 

situation than a traveler in travel demand analysis who can adjust behavior in more 

dimensions. The proposed theory of travel behavior in this chapter develops the concepts 

of multi-dimensional search gain and cost vectors to address this discrepancy, and 

enables the application of search theory to complex activity-travel search. Search gains 

can be derived from spatial knowledge and beliefs. Search costs can be obtained 

empirically, which is demonstrated in later chapters. Collectively, these developments 

should allow modelers to consider the search for alternatives in travel decision-making 

with a consistent behavioral foundation and increased rigor. It is also pointed out in the 

proposed theory based on empirical evidence that the activity-travel search process is 

characterized more by strategy and systematic biases than by randomness. 

 

Returning to the discussion in the beginning section of this chapter, components of the 

proposed positive theory of travel behavior such as Search, Information, Learning, and 

Knowledge (SILK) are very general, and exist in almost all travel decision-making 

processes.  Therefore, with further improvements, the proposed theory has the potential 
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to become a unified and coherent theory of travel behavior with many applications. The 

theorization of search initiation, stopping rule, and search order could be applied to 

construct individual activity-travel patterns from scratch (search gain always exceeds cost 

at the beginning) or to estimate adjustments to existing activity-travel patterns (search 

gain may exceed cost). The following chapter explores methods for applying the 

proposed theory of travel behavior (referred to as the SILK theory hereafter) to develop 

travel demand models.     
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CHAPTER 4. MODELING INDIVIDUAL BEHAVIOR 

 

 

This chapter considers individual travel behavior and develops models of spatial 

knowledge and learning, search costs and gains, and route choice. The specification of 

these component models is consistent with the principles of the SILK behavior theory 

that travel decision-making is characterized by imperfect information and heuristics. Data 

for model calibration and validation are collected from field experiments and surveys. 

When these component models are integrated, they provide a set of behavioral rules that 

describe travel behavior relevant to route choice.  Although the SILK theory provides a 

basis for behavioral modeling of other dimensions of travel behavior, the development of 

an integrated and comprehensive travel demand model under this theory is deemed as a 

long-term goal due to the needs for significant data collection efforts at the regional level. 

The modeling part of this dissertation focuses on route choice. This narrower focus 

allows in-depth discussion of modeling and data collection methods, which can be 

applied to analyze other dimensions of travel behavior using the positive approach.     

 

Each section in this chapter discusses a specific component model of route choice 

behavior. Data analysis does not occupy a separate section. Instead, the specification, 

data source, calibration, and verification of each component model are described 

coherently in an inclusive section to improve readability and the structure of the 

presentation.   
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4.1. Spatial Knowledge and Learning 

 

When a route choice task emerges and an origin-destination pair is determined, an 

individual uses existing spatial knowledge to solve the route choice problem. When the 

known information is insufficient and does not generate a satisfactory option, additional 

information is sought. In order to understand the decision-making process for route 

choice, the first step is to determine what spatial knowledge is available at the time of 

decision. An individual new to a city has little knowledge about places and roads in the 

city. However, information regarding the layout of the streets and their hierarchies is 

usually available on various maps. The search for residential, work, and shopping 

locations often leads individuals to consult maps and other information sources (such as 

friends and media) that also provide information regarding network connectivity and 

layout. An important question of spatial cognition and learning is how human beings 

store the enormous amount of spatial information and retrieve such information 

effectively. Several empirical studies show that the road network is hierarchically 

structured in the cognitive map (Pailhous 1970, Elliott and Lesk 1982, Streeter and 

Vittelo 1986, Peruch et al. 1989).  Individuals in general have better knowledge of the 

major roads (e.g. freeway network) than the secondary (e.g. major arterial streets) and 

tertiary roads (e.g. connectors, residential streets). Based on this evidence, it is assumed 

that individuals’ initial spatial knowledge includes network connectivity and road 

hierarchy, which allows them to develop certain beliefs about travel costs on various 

levels of roads under ideal conditions. In other words, an individual without actually 

traveling on road networks is assumed to know the generic structure of the networks (i.e. 

the difference among limited access highways, major arterials, and local residential 

streets), and the topology of the most prominent major roads (i.e. limited access 

highways). However, before actually traveling on alternative routes or collecting 
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advanced traveler information (i.e. before the search process starts), individuals do not 

possess knowledge about the actual travel costs on individual roads that are subject to 

real-time conditions such as congestion. These assumptions about what travelers know a 

priori before searching for alternatives should be reasonable even in situations where 

advanced traveler information is present and accessible, because few people consult 

traffic information sources and these sources provide limited information that is 

applicable to a particular commute. 

  

The initial spatial knowledge can be updated as more information is acquired through 

direct experience and other indirect information sources. The spatial knowledge relevant 

to route choice consists of two parts: a procedural component including a series of 

movement and turning sequences that enable drivers to complete the trip along the route, 

and a declarative component that includes attributes of links and routes such as travel 

time, distance, stops, and speed. The declarative component, or the perceived attributes of 

routes connecting an origin-destination pair can be parameterized as follows. Assume that 

an individual’s perceptual capabilities allow the separation of a specific attribute (say 

travel time) into a number of categories. If travel time corresponding to category i, ti, has 

been observed ni times in prior experience, the declarative knowledge this individual has 

about travel times on alternative routes is fully described by a vector K = (n1, …, ni, …, 

nI). ti is actually a travel time bandwidth. For instance, a person may use the following 

travel time categories: 0~30 seconds, 30 seconds ~ 1 minute, 1 minute to 2 minute, etc.. 

This specification of spatial knowledge implies that the declarative component of spatial 

knowledge is quantifiable. This is of course a necessary assumption for any attempts of 

quantitative modeling of travel behavior and in fact supported by empirical evidence in 

Section 3.2.1. The categorization of route attributes in the specification of spatial 

knowledge avoids the unreasonable assumption of continuity and infinite accuracy of 
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spatial knowledge. For instance, a driver may know it takes approximately ten minutes 

without congestion to drive to work on a certain route. But the driver is unlikely to know 

whether the travel time is ten minutes thirty seconds or ten minutes thirty one seconds.    

 

It is not sufficient to specify the structure of spatial knowledge. Travelers update spatial 

knowledge through learning as they become more experienced. When a traveler gathers 

more information about route attributes during the search for alternative routes, new 

knowledge is learned and prior knowledge updated. Using the aforementioned 

parameterization of spatial knowledge, when a new alternative route is identified and the 

travel time on that route belongs to category i, the new knowledge becomes (n1, …, ni+ 1, 

…, nI).  More importantly, we want to know how this new piece of information or 

knowledge changes the traveler’s belief. It is the belief that travelers rely on to determine 

the subjective value of additional searches for alternatives. Let a traveler’s belief be 

described by a set of probabilities P = (p1, …, pi, …, pI), where pi is the subjective 

probability that an additional search will return a new alternative with travel time in 

category i, and these probabilities satisfy the following conditions: 
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In order to specify the change of belief as knowledge and experience accumulate, the 

Bayes’s rule is adopted. It is common to apply Bayes’s theorem to update belief about a 

hypothesis in light of new information.  It is further assumed that the subjective 

probabilities P = (p1, …, pi, …, pI) with spatial knowledge K = (n1, …, ni, …, nI) follow 

the Dirichlet distribution. The Dirichlet distribution is the conjugate prior of the 

parameters of the multinomial distribution (Gelman et al. 1995). When the prior 

distribution in Bayesian leaning is Dirichlet, the posterior will also be a Dirichlet 
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(Rothschild 1974). The probability density function of the Dirichlet distribution is 

defined by this following equation: 
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The assumption of Dirichlet prior and posterior is equivalent to assuming that travelers’ 

belief about the route attributes is completely determined by their prior knowledge. This 

is because the mean of the Dirichlet distribution is:  

 ( ) NnpE ii /=          (4.3) 

 

When a new alternative route with travel time ti is learned, the updated belief that an 

additional search will generate a route with travel time ti or tj (i ≠ j) becomes respectively: 
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These properties of belief updates only hold for the Dirichlet distribution. However, the 

assumption is not as critical as it appears. According to the strong law of large numbers, 

as experience accumulates (N becomes larger), individuals behave as if their priors were 

Dirichlet because: 

  Nnp iiN
/lim =

∞→
        (4.5) 

 

This belief updating process also implies that each occurrence of past travel experience 

and information collection is weighted the same. It is easy to construct counter examples 
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or to propose alternative assumptions (for instance, more recent experience has heavier 

weight). However, limited empirical evidence in this regard does not allow verification of 

either hypothesis. Under these circumstances, the current assumption of equal weights 

seems appropriate because it results in a model with fewer parameters.  

 

Individuals’ belief (P = (p1, …, pi, …, pI)) and current status together will determine their 

propensity to search for new alternatives, as shown  later in this Chapter. 

 

4.2. Search Rules 

 

A search method is essentially a mapping from spatial knowledge to a feasible 

alternative.  Both the procedural and declarative portions of spatial knowledge are 

valuable during the search process because travelers consider network connectivity, road 

hierarchy, and road attributes. During each round of search, an alternative route is 

identified based on a set of searching rules. Traditional travel demand models ignore the 

fact that search is a process and generate a choice set based on various assumptions. This 

ignorance causes reduced behavioral realism and inability to consider behavioral 

dynamics in these models. Analytical search models in mathematics and economics often 

assume random search method, which implies all feasible alternatives have equal 

probabilities of being searched. This produces mathematical tractability in the analysis, 

but is in general a poor assumption in spatial behavior. Individuals tend to examine 

subjectively better alternatives earlier in the search process.  Empirical evidence suggests 

that location search (Humphreys and Whitelaw 1979) is characterized by non-

randomness and systematic biases. A short reflection would convince us that route search 
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is not random because travelers first consider routes that appear to be effective. 

Therefore, there is diminishing marginal returns to search. 

 

This section develops a search model in which traveler use production (i.e. if -then) rules 

to search for alternative routes. This is a desirable modeling method because it allows for 

empirical calibration and verification of the route search process. The focus of this 

section is the derivation of search rules, while the criteria for starting and stopping the 

search process is discussed in the next section.  

 

As demonstrated by empirical evidence in Section 3.2.1, route knowledge is 

hierarchically organized with various levels of roads. Previous research (Pailhous 1970) 

also suggests that experienced drivers with a certain destination drive on the basic 

network (the sub-network of roads at the highest level of hierarchy) as far as they can (to 

minimize distance or time on lower level roads) and exit the basic network at the point 

closest to the destination. It is hypothesized in this study that rules individuals use to 

search for alterative routes can be separated into two categories: (1) how to transfer 

between different levels of roads; (2) how to travel on sub-networks with each consisting 

of roads at a specific level of hierarchy.  It is further assumed that individuals are able to 

find the shortest path (however defined) within each sub-network based on their 

individual knoweldge. This assumption is much weaker than the assumption that drivers 

can identify the global shortest path between any origin-destination pair as seen in 

existing route choice models, because (1) each sub-network is much simpler than the 

complete network; (2) the basic network of the higher-order roads (e.g. the freeway sub-

network) is known by most drivers; (3) although sub-networks of lower-order roads are 

more complex, most trips on these sub-networks are from origins to access points of the 

basic network or from egress points of the basic network to destinations. Individuals only 
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need to know the lower-order roads near their origins and destinations. This assumption 

is supported by empirical findings that drivers are well informed about the higher-order 

roads, and familiar with the lower-order sub-networks only in the vicinity of their homes 

and activity destinations (work, shopping etc.) that are frequently visited (Bovy and Stern 

1990, pp. 56).           

 

The problem of modeling route search behavior under the above assumptions becomes a 

problem of deriving rules drivers actually use to determine whether or not to use the basic 

network, and how to access and exit the basic network. This new problem is solved by 

collecting route search data from a survey, and extracting search rules from the data set 

with knowledge-acquisition algorithms. 

 

4.2.1. ROUTE SEARCH SURVEY 

 

The data set for deriving search rules was collected from a non-random sample of 82 

undergraduate Civil Engineering students in the Twin Cities, Minnesota, who are part 

time or full time students at the University of Minnesota. This sample provided sufficient 

data for testing the modeling method (estimation and validation) described in the 

following sections, and should be acceptable as a proof of concept. However, future 

research is required to validate results on more representative population.  Descriptive 

statistics of the sample is summarized in Table 4.1. During the peak hour, about 600,000 

vehicle trips are made on the Twin Cities road network that is modeled (Metropolitan 

Council 2000) as comprising 7976 nodes, 20194 links, 537 access points to the basic 

network (defined as the freeway network), and 530 egress points from the basic network. 

During the survey, each subject answered a questionnaire (see Appendix B for a sample 

questionnaire) regarding socio-economic and demographic characteristics, typical travel 
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patterns, routes they have considered and chosen for three different origin-destination 

pairs: home to the university, home to a randomly-selected destination A, and A to 

another randomly-selected destination B. Subjects also reported the order by which the 

candidate routes are considered. This design creates varying degrees of familiarity with 

the origin-destination pairs. The routes are initially drawn by subjects on an oversized-

map of the road network (24 by 16 inches), and subsequently coded in GIS as a sequence 

of network nodes. On this map, thicker and more prominent lines represent higher-order 

roads, as seen in regular paper or electronic maps.  

 

Table 4.1. Descriptive Statistics of Route Search Survey Subjects 

Characteristics Average Standard Deviation 
Age 22.8 5.9 
Income (thousand dollars) 11.7 13.5 
Number of Autos in Household 1.1 0.7 
Number of Adults in HH 2.9 1.5 
Number of Children in HH 0.3 0.9 
Residence at University of Minnesota 21.9 22.5 
Residence at Current Address 46.5 74.3 
Residence in Twin Cities (months) 106.5 129.0 
Commute time (min) 18.2 20.4 
Characteristics Values 
Number of valid subjects 62 
Gender (female/male) 14/48 
Commute modes previously used 
(Drive alone/Carpool/Bus/Bike/Walk)  

 
33/15/37/23/37 

 

 

The final sample for the analysis consists of 62 drivers after subjects who did not answer 

all questions or drew impossible routes (due to misreading the map or drawing errors) are 

excluded. Two routes reported by the same subject are considered the same if they 

overlap more than 95% in terms of distance. The total number of routes reported is 295 

with 165 distinct origin-destination pairs. The average distance of the routes is 14 miles 

(22 km) (minimum 0.6 mile or 1 km, maximum 42 miles or 67 km) and the average free-
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flow travel time of the routes (based on the planning network coded by the regional 

planning agency) is 16 minutes (minimum 1 minute, maximum 54 minutes). Drivers 

reported that they only considered one route for 48 percent of OD pairs, two routes for 31 

percent of OD pairs, and three or more routes for 21 percent of OD pairs. A summary of 

the distributional properties of the reported routes is available in Figure 4.1.      
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Figure 4.1. Properties of Reported Routes in the Route Perception Survey (1mile≈1.6km) 

 

Two databases for the induction of route search rules are developed based on the survey 

responses. For each OD pair, survey results imply that search rules lead to the 

identification of the considered routes. If a route is considered for an OD pair and it 

includes a portion of the basic network (limited access highway), the corresponding 

access point to the basic network (e.g. start node of an on-ramp) and egress point from 

the basic network (e.g. end node of an off-ramp) can be identified. The subject clearly 

prefers the route using the chosen access point to the remainder 536 access points and to 

the best route not using the basic network, which provides 537 binary comparisons and 

outcomes. Travel times (on the lower-order roads, on the basic network, and total), 
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distance, number of transfers between different levels of hierarchy, and speed can be 

computed for these routes based on outputs of a metropolitan planning model and the 

standard BPR cost function. The above route attributes, characteristics of the subject, and 

the revealed preference data constitute 537 records in a database. When all reported 

routes are processed similarly, a final database with approximately 150,000 records is 

obtained for deriving if-then rules that govern the selection of access points from lower-

order roads to the basic network. A sample record of the database contains the following 

information: 

 

Record 110279: 

Route Attributes 

Route using access point A        Route using access point B 

Travel time lower-level roads   2 min    5 min 

Travel time basic network   15 min    11 min 

Total travel time    17 min    16 min 

Number of transfers between hierarchies 2    4 

Distance lower-level roads   0.8 mile   2.2 miles 

Distance basic network   11.4 miles   8.4 miles 

Total Distance     12.2 miles   10.6 miles 

…      …    … 

Driver Characteristics 

Age (24), Income ($10K), Years in City (24), Years in current residence (3),  

…  

Preference 

Route A 

End of Record 



84 

 

After the access point is determined during a round of search, the search rules then 

influence the selection of an egress point to complete the construction of an alternative 

route. If the chosen route does not use the basic network, there is no need to find the 

egress point. This is why the database for deriving rules for selecting egress points has 

slightly fewer records because only reported routes using a portion of the basic network 

generate useful data records.      

 

4.2.2. SPECIFICATION OF THE RULE-BASED SEARCH MODEL 

 

The development of a positive model of route search can be divided into four steps. First, 

route search behavior follows a set of rules and the form of these rules must be specified. 

Second, it is necessary to identify variables that are critical to the search rules and 

influence search outcomes. These two steps can be better understood by an analogy – 

they correspond to the model specification step in traditional statistical modeling. The 

third step involves the derivation of search rules from empirical data. The final step tests 

the predictive accuracy of these rules. The two later steps are similar to calibration and 

verification steps in statistical modeling. The major difference between statistical models 

and rule-based models lies in the estimation methods. While discrete route choice models 

in the generalized linear model family rely on optimization techniques (e.g. maximum 

likelihood) for parameter estimation, rule-based models utilize machine learning and data 

mining algorithms that are more procedural in nature. Benefits and limitations of the rule-

based formalism will become obvious in later chapters and are not discussed here to 

avoid repetition.     
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There are various methods for representing human knowledge such as the rules for 

searching alternative routes. A partial list of knowledge representation methods includes 

decision trees, classification rules, clusters, case-based reasoning, logic programs, fuzzy 

logic, artificial neural networks, and regression trees. If-then rules or production rules are 

selected to represent route search heuristics in this research for several reasons: (1) they 

are shown to be capable of replicating various types of behavioral heuristics and 

decision-making processes in previous studies on expert systems and machine learning 

(Brachman and Levesque 1985, Durkin 1994, Witten and Frank 2000); (2) 

neurobiological evidence suggests that brain neurons operates as if if-then rules are in 

effect (Shepherd 1994, Marcus 2004); (3) If-then rules can be implemented to predict 

search outcomes with minimum computational resources of all known knowledge 

representation methods, which is especially important for route choice models typically 

involving millions of independent decision agents acting simultaneously in a large 

network.   

 

During the data collection phase of the study, efforts have been devoted to gather data 

entries of all factors that may potentially influence route search. However, it is expected 

that only a few play an important role. It is necessary in the model specification step to 

determine which variables should be retained in the model. The reduction of data 

dimensionality can also help improve the interpretation of the rule set because researchers 

can focus on the most relevant variables. Unlike in statistical models where a number of 

specification tests have been developed for this purpose, procedural algorithms for 

attribute selection are used in rule-based models to discard irrelevant variables.  

 

Several standard attribute selection algorithms are used to process the raw database and 

to reduce the number of attribute variables for the rule induction stage. All these 
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algorithms consist of a metric to evaluate the importance of various attributes and a 

method to search the attribute space. The metrics used include chi-square, information 

gain, and gain ratio (Quinlan 1986). The attribute search methods include exhaustive, 

stepwise, genetic, and best first. These attribute search methods try to find an optimum 

combination of attributes based on the performance metrics. These metrics and methods 

are fairly standard in the machine learning literature and not explained in detail in this 

dissertation. Interested readers are referred to Witten and Frank (2000) where a summary 

is provided.  When a certain subset of attributes is selected, the performance of the 

resulting model is evaluated based on hit ratios on a separate verification dataset. The hit 

ratio is defined as the percentage of correctly predicted cases. When the model 

performance is not satisfactory with selected attributes, a different metric or a different 

attribute search method will be used. When the performance of resulting models is 

similar, the smaller subset with fewer attributes is favored. It should be noted that the 

performance of rule-based models could increase when fewer attributes are used, which 

differs from statistical models. In regression and discrete choice models, even adding 

irrelevant variables improves the goodness-of-fit measure. However, that is not the case 

in machine learning systems. It has been shown that the existence of an irrelevant 

variable in a rule-based model actually deteriorates model performance, typically by five 

to ten percent (John 1997).     

 

During the attribute selection process, three attributes appear to most significantly 

influence route search: total travel time, percentage of travel on the basic network, and 

number of transfers between different levels of roads. The behavioral interpretations are 

as follows. Travelers clearly care about total travel time, which is also verified in 

numerous previous studies. Travel time is the sole factor in most deterministic user 

equilibrium models. If a route has higher percentage of travel on the basic network, the 
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route is relatively prominent and attracts travelers’ attention easily. When the number of 

transfers increases, travelers may perceive the route as difficult to follow and prefer other 

routes with similar or even longer travel time but fewer transfers. These hypothetical 

interpretations are in fact corroborated by the results of model calibration and verification 

in the following Section 4.2.3. Results of attribute selection also show that personal 

characteristics such as age, gender, income, and length of residence in the area do not 

significantly affect route search behavior.  

 

Another task in model specification is the discretization of continuous variables. This is 

desirable for two reasons. First, in the model of spatial knowledge and belief, route 

attributes are assumed to be discrete variables and categorized in a certain number of 

groups. The discretization step in specifying the search model ensures consistency of the 

behavioral route choice model. Second, although many machine learning algorithms can 

handle continuous variables, they often assume a nominal distribution of the numeric 

values, require sorting numeric values repeatedly, and could yield search rules that 

differentiate behavior at different critical values of the same attributes. Discretization of 

numeric variables eliminates these undesirable properties, and facilitates the 

interpretation of the derived behavioral rules. A number of discretization methods have 

been developed and a review is provided in Dougherty et al. (1995). Supervised 

discretization algorithms identify critical values to categorize numeric attributes by 

combining a goodness-of-fit metric and a stopping criterion. For the purpose of this 

research, they generate a better discretized dataset than unsupervised algorithms that do 

not consider predictive accuracy in the discretization process. After discretization, the 

variable percentage travel time difference between two routes is divided into seven 

categories. The variable, percentage difference of travel on the basic network, has five 
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categories. Number of transfers between different levels of roads is a discrete variable 

and does not require further discretization.       

 

4.2.3. SEARCH RULE CALIBRATION AND VERIFICATION 

 

After the specification of knowledge representation methods, attribution selection, and 

discretization, a machine learning algorithm extracts behavioral rules of route search 

from the processed dataset. As shown in Section 4.2.1, the dataset has been arranged such 

that the induction of route search rules becomes a binary classification problem. 

Therefore, it is only necessary to produce rules for one class, which are in disjunctive 

normal form and can be executed to predict search results without any logical 

inconsistencies or ambiguity. A typical if-then rule is in the following form: 

 

If ( ) ( ) ( )[ ]CrCrr SetConditionandSetConditionandSetCondition ∈∈∈ ...2211  

 Then choose alternative Ar  

 

There are a total of C attribute variables in the condition statement. When the values of 

all attributes variables fall into their respective condition sets in Rule r. Rule r is activated 

and the action follows – alternative Ar is chosen. When the rules are in disjunctive normal 

form, it implies that no instance will trigger multiple rules with different actions. This 

guarantees that only one outcome can be predicted for each instance. Several learning 

algorithms for deriving such condition-action rules have produced satisfactory rule-based 

models in previous research and industry applications, and are considered in this study: 

C4.5 (Quinlan 1986), PRISM (Cendrowska 1987), and RIPPER (Cohen 1995).  
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The C4.5 algorithm operates by finding an attribute to split on and maximizing the 

separation between classes in each step of developing a rule set based on information 

gain ratios. The PRISM algorithm strives to identify the best combination of attribute 

values that maximizes the probability of the desired classification based on error ratios. 

The RIPPER algorithm is similar to C4.5 in that information gain is used as the measure 

of rule accuracy at the stage when rules are generated. It is also similar to PRISM in that 

a greedy approach (i.e. trying to generate a perfect rule with 100% accuracy) is used in 

generating rules. What makes RIPPER distinct is that it employs both an incremental rule 

pruning method when rules are being created and an optimization procedure to revise the 

initially obtained rule set. The RIPPER algorithm is finally selected because it yields a 

rule set that is relatively small and has high predictive accuracy. The performance of the 

rule set is evaluated by two measures on a separate test dataset. The first one, hit ratio, is 

a microscopic goodness-of-fit measure which is the percentage of correctly predicted test 

cases. The second measure, route coverage, shows predictive accuracy at the macroscopic 

level. Route coverage is defined as the percentage distance overlap between the route a 

subject has actually considered and the route predicted by the rule set.   

 

A cross-validation method is employed to construct an estimation dataset and a test 

dataset. A simpler fifty-fifty split between estimation and test dataset is not used because 

the complete dataset is constructed from survey responses of 62 subjects, although the 

total number of records in the dataset approaches 150,000. The fifty-fifty split implies the 

route search rules will be generated based on the behavior of only 31 subjects. The ten-

fold cross validation method improves data usage. In each fold of the ten rule estimation 

and cross-validation process, 90% of data records are used to derive a rule set based on 

the RIPPER algorithm, and the hit ratio and route coverage of the estimated rule set is 

evaluated on the remaining 10% data records. The rule set in each of the ten folds might 
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be slightly different from each other because a difference estimation dataset is used. 

When the overall predictive accuracy on the ten test data sets are satisfactory, the 

RIPPER algorithm is used with the same set of learning parameters to generate a final 

rule set using 100% of data records.      

 

The final set of route search rules consists of 16 rules for selecting access points and 13 

rules for selecting egress points. The two rule sets are quite similar, and therefore only 

the rules for selecting access points are shown in the disjunctive normal form below (see 

Appendix C for the rules for selecting egress points), where “Δ” denotes changes (B 

attributes – A attributes); the symbol “[ ]” constitutes the complete condition statement of 

the if-then rules; “Time” is the total travel time in minutes; “Btime” is percentage travel 

on the basic network; “Transfer” is the number of transfers between different levels of 

roads.  

 

Rule Set for Selecting Access Point on the Basic Network 

Use access point A to construct the alternative route, if 

     [ΔTime ∈  (0.21 ~ infinity)]  

Or [ΔTime ∈  (0.13 ~ 0.21) 

And ΔBtime ∈  (–infinity ~ –0.57)] 

And ΔBtime ∈  (–0.57 ~ 0.19) 

 And ΔTransfer ∈  (0, 1)]   

 And Time ∈  (30 ~ infinity)]  

 And ΔBtime ∈  (0.19 ~ infinity) 

And ΔTransfer ∈  (1)]  

 Or [ΔTime ∈  (0.04 ~ 0.13)      

And ΔBtime ∈  (–infinity ~ –0.57)]  
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And ΔBtime ∈  (–0.57 ~ 0.19) And ΔTransfer ∈(0,1)]   

And ΔBtime ∈  (–0.57 ~ –0.19) And Time ∈  (15 ~ 30)]  

And ΔBtime ∈  (0.19 ~ 0.57) And ΔTransfer ∈  (1) ] 

 Or [ΔTime ∈  (–0.04 ~ 0.04)   

And ΔBtime ∈  (–infinity ~ –0.57)]  

And ΔBtime ∈  (–0.57 ~ 0.19)  

 And ΔTransfer ∈  (1)] 

And ΔBtime ∈  (–0.57 ~ –0.19) And ΔTransfer ∈(0)]  

And ΔBtime ∈  (0.19 ~ 0.57) And ΔTransfer ∈(1)]   

Or [ΔTime ∈  (–0.21 ~ –0.04) 

 And ΔBtime ∈  (–infinity ~ –0.57)]  

And ΔBtime ∈  (–0.57 ~ 0.19) And ΔTransfer ∈(1)] 

And ΔBtime ∈  (–0.57 ~ –0.19) And ΔTransfer ∈(0)] 

Otherwise, use access point B to construct the alternative route for consideration. 

End of Rule Set 

 

According to these results, a traveler always chooses an access point if the travel time of 

the route using this access point is significantly lower (21%) than routes using other 

access points. It should be noted that the route search rules generate an alternative that a 

traveler considers in each round of search but ultimately may not use. The decision 

regarding which one of the searched alternatives is finally chosen is governed by a set of 

decision rules derived in a later section. As the travel time difference becomes less 

apparent other factors related to road hierarchy, such as the percentage of travel on the 

basic network, and the number of transfers between different sub-networks, play a more 

important role. In general, drivers prefer higher percentage travel on the basic network 

and fewer transfers. In many cases, drivers actually tend to first consider a slow route 
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during route search because it is a simple route with few transfers and a main road to 

follow. For instance, when travel time on route B is less than 13% longer than route A, 

but the percentage of freeway travel on route B is more than 57% larger than route A, 

route B is preferred despite its longer travel time.  

 

The if-then rules can be implemented in a deterministic or stochastic fashion. The 

deterministic implementation considers each rule 100% accurate. On the other hand, the 

accuracy of the rules on the estimation data set can be used to implement rules as 

probabilistic rules with a random number generator. The average route coverage (distance 

overlap between observed and predicted routes) is 0.74 for stochastic rules, and 0.71 for 

deterministic rules based on the ten validation datasets. For comparison purposes, 

normative assumptions of route search rules are also examined. A normative search rule 

suggests that individuals have perfect route knowledge and always find the shortest (time 

or distance) routes. Results show that the average route coverage between the global 

shortest-time (shortest-distance) paths and the actual considered routes is 0.53 (0.34), 

inferior to the performance of the empirically derived if-then rule set. The consideration 

of road hierarchy in route search and the representation of search heuristics as if-then 

rules not only are justified on empirical ground, but also provide better predictive 

accuracy than normative search rules.       

 

With the search rules derived, the component model of route search generates an 

alternative route based on existing spatial knowledge as follows.  

(1) A traveler starts from an origin; 

(2) Uses the search rules and current knowledge about network connectivity, hierarchy, 

and link attributes to select an access point on the basic network (or selects none of the 

access points and travels only on lower-order roads to destination); 
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(3) Identifies the segment of the route from the origin to the access point; 

(4) Uses the search rules and current spatial knowledge again to select an egress point; 

(5) Finds the second segment of the route from the access to egress on the basic network;  

(6). Identifies the third and last segment of the route from the egress point to destination.  

     

4.3. Search Gain and Cost 

 

Travelers use the route search rules to identify alterative routes, but they do not examine 

all alternative routes in a real-world network. When search starts and stops is an 

important question. This leads to the definition of search gains and cost. Search starts 

when the subjective search gain exceeds perceived search cost, and stops when search 

gain does not justify search cost.  

 

4.3.1. SUBJECTIVE SEARCH GAIN 

 

In Section 4.1, spatial knowledge is represented by a vector of prior experience K = (n1, 

…, ni, …, nI), and belief by a vector of subjective probabilities P = (p1, …, pi, …, pI). 

Under a specific state of spatial knowledge and belief, the expected search gain from an 

additional search for alterative routes (denoted by g hereafter) also depends on an 

individual’s current travel status. Let the travel time on the route currently used be t. The 

expected gain in terms of travel time savings for each future trip from an additional 

search is: 

 ∑
<∀

−⋅=
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If an individual expects to undertake that trip F times in the future, the total expected 

search gain (gTotal) would be: 

 ( ) ( )
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1 1 ( )
i

f f
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∀ <

⎧ ⎫⎡ ⎤⎪ ⎪= ⋅ − ⋅ = ⋅ − ⋅ ⋅ −⎨ ⎬⎢ ⎥
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∑ ∑ ∑   (4.6a) 

 Where  

 α Discount rate between 0 and 1 (more recent benefits are more important) 

  

The total expected search gain increases as F increases. This implies that an individual is 

more likely to search for alternatives for a trip expected to be untaken more often in the 

future. For instance, travelers tend to search more extensively to improve their daily 

commute trips than less frequent trips such as shopping, recreational, and visit trips. F is 

not directly measurable, and therefore gTotal is not measurable. The notion of per-trip 

expected search gain shown in Equation 4.6, however, can be obtained from individuals’ 

belief function (the probability density function P) and spatial knowledge, and is used to 

facilitate the development of quantitative models in this Chapter. In the remainder of this 

dissertation, expected search gain refers to pre-trip expected search gain unless otherwise 

specified.  

 

Search gain is also multidimensional because the attributes of alternatives are 

multidimensional. An additional round of search may not only reduce travel time, but 

also reduce monetary cost (when tolls are present), reduce effort, improve comfort, and 

improve perceived safety. The expected search gain, defined in Equation 4.6 only 

considers potential travel time savings. When the expected gains of further search from 

various aspects are considered, the combined expected search gain (gCom) is obtained and 

can be calculated using the following equation: 
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 Where 

 M number of perceivable attributes of alternatives 

 m index of attributes 

 v current value of an attribute (time, toll, comfort, safety etc.) 

 vi value of an attribute in its ith category   

 pm subjective belief about the distribution of attribute m 

 λ coefficient that converts attribute values to a common scale (e.g. dollar) 

 

The process through which individuals combine various aspects of potential search gains 

is a cognitive process that is not very well understood. Normative utility theory would 

suggest that the various dimensions of expected search gains can be converted to a utility 

scale, or dollar values using the marginal monetary benefit of an additional unit of utility. 

Due to the lack of data, it is not possible to rigorously consider this cognitive issue in this 

research. It is assumed that in comparing expected search gains with perceived search 

costs, individuals only consider the most prominent search gain which is travel time 

savings. However, individuals still consider multiple attributes when searching for 

alternatives and making decisions as described in Sections 4.2 and 4.4. This limitation of 

search gain representation can be easily removed to incorporate monetary savings, and 

removed with more difficulties to consider attributes such as comfort and safety. Future 

research may even discard the concepts of expected search gains and costs completely, 

and develop heuristics rules individuals employ to decide whether or not to conduct 

additional searches using data from empirical studies and machine learning algorithms.    
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When the expected search gain is restricted to travel time savings, Equation 4.6 can be 

further simplified. Since travelers have recall privilege and are able to use the 

subjectively best route of all searched alternatives, t is always the minimum of travel 

times (tmin) on previously searched routes. But this does not imply g = 0. Based on the 

initial knowledge about free-flow travel time, the initial belief at the very beginning of 

the search process is that it should take t* to travel between an OD pair, where t* is the 

free-flow travel time on the route that is identified during the first round of search.  As 

search proceeds, the subjective probability of finding a route with t* travel time after N 

searches would become 1/(N + 1). The expression of the subjective search gain becomes: 

 )1/()( *
min +−= Nttg            (4.7) 

 

The subjective search gain decreases as the number of searches increases. Once a better 

route is identified in the search process (i.e. tmin decreases), the expected search gain also 

decreases. It increases when the condition of the current route degrades. In this case, 

travelers become more prone to searching for new alternatives. When capacity is 

expanded on certain links in the network, this may reduce t* for some travelers and 

increase their expected search gains.  

 

4.3.2. PERCEIVED SEARCH COST 

 

Although search gain may increase or decrease, the search cost a traveler perceives is 

assumed to be constant for the same traveler throughout the route search process. 

However, perceived search costs for different travelers may be different. Search cost 

exists because it takes time and effort to find an alternative route and to test the 

performance of a new route. The route search survey data summarized in Section 4.2.1 
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and the expression of search gain (Equation 4.7) also enable empirical derivation of the 

distribution of perceived search costs among travelers.  

 

If a subject in the route search survey considers N alternative routes (subjects in the 

survey were asked to report all routes they have considered for their home-to-school trips, 

as well as the order by which these routes are considered), it implies the search for 

alternative routes stops after N rounds. The perceived search cost for this subject must be 

lower than the expected search gain after N –1 searches such that search N is meaningful, 

and higher than the expected search gain after N searches such that search N+1 search 

does not occur. These lower and upper bounds of search cost can be calculated using 

equation 4.8. Let the average be the estimate of the perceived search cost: 
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Similar to the concept of per-trip expected search gain, the perceived search cost 

discussed above is indeed per-trip perceived search cost. The total perceived search cost 

(cTotal) is also a function of the number of times that trip is expected to be undertaken in 

the future and the discount factor. Again, the per-trip perceived search cost is used for 

developing the search model because it is obtainable from survey results. Unless 

otherwise specified, perceived search cost refers to per-trip perceived search cost in the 

remaining text. 
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When the perceived search costs for all survey subjects are calculated according to 

Equation 4.8, a distribution is obtained. In order to use these results to predict perceived 

search costs for all travelers in a region, it is necessary to discover possible relationships 

between perceived search costs and attributes of travelers and routes. A subsequent 

regression analysis reveals that search cost is positively correlated to t*, the free-flow 

route travel time (correlation coefficient is 0.70; see the calibrated regression equation 

below).  

 *0.48 0.09a bc t= +          (4.9) 

 a: coefficient is not statistically significant at level 0.05 

 b: coefficient is statistically significant at level 0.01 

 

The longer the trip, the larger the perceived cost of searching for alternative routes. 

However, search cost appears independent of socio-economic and demographic 

characteristics such as age, gender, income, and length of residence in the city.   

 

If we define “relative search cost” as the ratio of search cost to free-flow travel time of 

the trip (c* = c/t*), c* can be regarded as a variable of personal characteristic. An 

individual with a higher c* is more reluctant to search for alternatives than an individual 

with a lower c*.  The cumulative density distribution (CDF) of c* for all subjects, as well 

as its lognormal approximation, is plotted in Figure 4.2. It is probably best to understand 

the meaning of this CDF by an example. If the free-flow travel time between an OD pair 

is 10 minutes according to the initial spatial knowledge, the highest perceived search cost 

for this OD pair among all drivers is equivalent to 3.6 minutes of travel time per trip. 

About 90 percent of drivers perceive a search cost that is less than 2 minutes per trip. In 

other words, 90 percent of drivers will search for new alternative routes for this trip if the 



99 

subjective search gain is larger than 2 minutes per trip.  Only 20 percent of drivers will 

continue to search for new routes when the subjective search gain is 0.8 minute. 
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Figure 4.2. Distribution of Relative Search Costs among Travelers 

 

This empirically derived distribution of search cost reflects the surveyed subjects’ 

attitude toward uncertainty and risk, and the variation of their risk averseness.  

Individuals will not search for alternatives unless the expected search gain is sufficiently 

large. Also, a broader view of travel cost can be formulated – the total cost of a trip 

includes not only the cost associated with physical traveling (time, money, etc.), but also 

the cost associate with searching for alternatives. The result that the average relative 

search cost is 0.11 implies that search cost is an important part (10%) of total user cost.     

4.4. Route Switching 

 

Ave. relative search cost 0.11 
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The final element of the positive model of individual route choice behavior considers 

route switching behavior and decision rules. During the first round of search, each 

traveler identifies an initial route based on the initial spatial knowledge, and travels on 

this route, which provides new information and updates knowledge and belief. When the 

subjective search gain exceeds perceived search cost, a new round of search is conducted 

and a new alternative route may be identified by the search rules. In this situation, the 

traveler either continues to use the current route or switches to the new route, which is 

referred to as route switching. Even though a number of routes may be considered during 

the search process, the final route choice decision is modeled as the outcome of a series 

of route switching decisions.  

 

The route switching problem can also be viewed as a two-class classification problem 

given individuals’ knowledge about route attributes. In order to gather data for estimating 

and verifying route switching rules, one could request subjects in a survey (similar to the 

route search survey) to recall which routes they have actually used (not just considered) 

to travel from a specific origin-destination pair, when, and why route switching occurs. It 

is also necessary to monitor the performance of various routes for a relatively long period 

of time such that a significant number of route switching instances would occur during 

the study period. Another data collection method is to design controlled field experiments 

involving route switching in a relative shorter period of time, which is described in 

Section 4.4.1. In controlled experiments, researchers do not wait for route switching 

decisions to take place. Instead, a test scenario is generated in which subjects can engage 

in making route switching decisions, and route attributes can be accurately measured.   

 

4.4.1. ROUTE SWITCHING EXPERIMENT 
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Data for estimating the route switching rules were collected in a field experiment, which 

was conducted in the Twin Cities metropolitan area in Spring 2004. The experiment is 

designed using both stated preference survey techniques and field driving experiment 

(FESP: field experience stated preference) in a separate study (Zhang and Levinson 

2006). Five approximately parallel routes between the University of Minnesota East Bank 

Campus and Downtown Saint Paul are selected for the experiment (see Figure 4.3 for an 

illustration of the location of the experiment). One of the routes is a freeway (I-94) 

section (the second route from the top), and four other routes are major signalized arterial 

streets. These routes constitute an important corridor in the Twin Cities connecting 

Downtown Minneapolis and Downtown Saint Paul. All routes are reasonable alternatives 

for the considered origin-destination pair. The level of peak-period congestion on this 

corridor is moderate or heavy at times. The average distance of the selected routes is 7.8 

miles (12.5 km).   

 

 

 

Figure 4.3. Routes Selected for the Route Switching Experiment 

 

Subjects are selected randomly from the University of Minnesota staff list excluding 

students and faculty. Each of the 117 subjects is given a pre-test to gather various socio-



102 

economic, demographic, and travel pattern data. There is sufficient variation in age, 

gender, education, income, household structure, and travel patterns among the selected 

subjects. Descriptive statistics of the subjects are summarized in Table 4.2. Their vehicles 

were temporarily equipped with recording GPS units during the experiment, which 

collected vehicle location data at one-second intervals. During the field experiment, each 

subject was advised to take four of the five selected routes in a given random order with a 

map and driving directions, which excluded the needs for route search. The GPS data 

collected during each trip were logged into a data capture device, which was used to 

confirm that subjects traveled on the correct routes, and to calculate actual route attributes 

such as total travel time, distance, number of stops, delay time, and speed. At the end of 

the field experiment, each subject was asked to rank the four routes traveled (1~4) for 

various trip purposes. Finally, they rated the efficiency, easiness, pleasure, and familiarity 

of the traveled routes on a 1~7 scale (7 being most efficient, easiest, most pleasant, or 

most familiar).  Survey forms and driving directions distributed to subjects are attached in 

Appendix D.  

 

Table 4.2. Descriptive Statistics of Subjects in the Route Switching Experiment 

Variables Counts 
Females / Males 58 / 55 
HH income (< $50K / < $100k / > $100k) 36 / 58 / 19 
Age (<35 / <55 / >55) 37 / 58 / 18 
Education: ( < 2-y college / < 4-y college / post-graduate) 27 / 41 / 45 
HH size (1 / 2 / 3 / >=4) 23 / 48 / 20 / 22  
HH Num. Autos (1 / 2 / 3 / >=4)  28 / 65 / 12 / 8 
Commute time (min) (10 / 20 / 30 / 40 / >40) 3 / 29 / 42 / 23 / 16 
Commute distance (mile) (5 / 10 / 15 / 20 / >20) 14 / 39 / 29 / 14 / 17 
Number of trips/day (2 / 5 / 10 / >10) 13 / 37 / 55 / 8 
Years at city (5 / 10 / 20/ 30 / >30) 16 / 16 / 23 / 16 / 42 
 
 

Data collected using the above field experiment stated preference survey were 

transformed into a database for deriving route switching rules as follows. If during the 
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experiment, a subject traveled four routes in the following order (A, B, C, D), and ranked 

the four routes (D >> B >> A >> C, “>>” denotes “is preferred to”), then in this 

subject’s route choice decision process, three sequential decisions were made. The 

subject decided to switch from Route A to Route B because B >> A, not to switch from 

Route B to Route C because B >> C, and to switch from Route B to Route D because D 

>> B. The outcome of these intermediate decisions as well as measured route attributes 

contributes three records in the route switching decision database for the subsequent rule 

induction stage.  

 

The different views on the travel decision-making process by the proposed positive 

approach and the traditional normative approach are exemplified in the design and data 

analysis of this route switching experiment.  Normative models, for instance, discrete 

choice models in this case, would assume that the subject makes the decision based on 

utility maximization principles after examining all four alternative routes, and the order 

by which they are considered is irrelevant. In contrast, the SILK theory suggests that the 

subject makes a series of simpler intermediate decisions in the decision-making process 

based on heuristic rules, and historical dependencies are important. In the real world, 

individuals usually do not have the luxury to investigate all possible alternatives before 

they make decisions due to time and other constraints. For instance, even if an individual 

has very limited spatial knowledge about an area, the individual still needs to travel to 

work and other necessary destinations tomorrow. A set of travel decisions including route 

choice decisions has to be made with limited information. However, the individual can 

gradually learn more about alternative routes and other travel options, and adjust the 

previous decisions. From this perspective, any individual’s overt behavior today is the 

consequence of a series of previous decisions, which provides the rationale for the route 

switching experiment.          
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4.4.2. SPECIFICATION, ESTIMATION AND VERIFICATION OF ROUTE 

SWITCHING RULES 

 

The methodology for knowledge representation and acquisition descried in Section 4.2.2 

is also used to derive route switching rules, which consists of attribute selection, 

discretization, rule induction using the RIPPER algorithm, and cross verification of 

derived rules. The derivation of both the route search and route switching rules is the 

same classification problem. Therefore, the same method is not repeated here and the 

discussion will proceed to the results of route switching rules. The final route switching 

rules can also be expressed in the disjunctive normal form as follows, where Δ denotes 

changes or percentage changes (new route attributes – current route attributes), and 

absolute values are attributes of the current route (time is in minutes and distance is in 

kilometers). Individuals decide whether or not to switch to the new route.  

 

Route Switching Rule Set 

Switch to the new route, if  

1.      [ΔTime ∈  (-infinity, -39%)]   

2. Or [ΔTime ∈  (-39%, -11%) And ΔPleasure ∈  (-1, 6)]     

3. Or [ΔFamiliarity ∈  (3, 6) And Commute time ∈  (0, 20)]                                                  

4. Or [ΔTime ∈  (-11%, 6%) And ΔPleasure ∈  (3, 6)]           

5. Or [ΔTime ∈  (-39%, 15%) And Δ Familiarity ∈   (2, 6) And ΔDelay ∈  (-40%, 0)]   

6. Or [Familiarity ∈  (1) And ΔTime ∈  (-39%, 51%) And Commute time ∈  (0, 20)   

         And Income ∈  (1)]    

7. Or [Delay ∈  (4min, infinity) And ΔStops ∈  (-infinity, 0)  

          And Commute distance ∈  (0, 13)]   
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8. Or [ΔPleasure ∈  (2, 6) And ΔFamiliarity ∈  (0, 6) And Commute time ∈  (0, 16)]  

Otherwise, do not switch route. 

End of Rule Set 

 

Several observations of this rule set are worth noting. First, there seem to exist perception 

thresholds. For instance, as long as travel time is reduced by more than 39%, drivers will 

always change routes. An 11% to 39% reduction in travel time leads to route switching 

provided that the perceived driving pleasure does not decrease by more than one unit on 

the 1~7 scale. When the travel time reduction is less than 11%, it does not significantly 

influence route choices. Second, the rules can be specific to user groups. For instance, 

certain route switching rules only apply to drivers whose trip distance is shorter than 16 

minutes (Rule 8). Income is the only socio-demographic variable present in the rule set. 

Rule 6 suggests that for trips shorter than twenty minutes, high-income persons (income 

= 1, highest of the three income groups) tend to avoid unfamiliar routes (familiarity = 1, 

which is the lowest level of familiarity) even at the expense of significant (up to 51%) 

travel time increase. Finally, the level of familiarity with routes is present in several rules, 

which corroborates the hypothesis that historical dependency is important in route 

switching. All others equal, individuals are more willing to select routes they have used 

before.  

 

The performance of the route switching rules is measured by the hit ratio at the individual 

level, and route flows at the aggregate level. For comparison purposes, both a binary and 

a multinomial logit model are estimated using the same estimation dataset.  The hit ratio 

(percentage of correctly predicted route switching instances) is 85% for the binary logit, 

and 91% for the if-then rule set.  The multinomial logit model is estimated by considering 

only the most preferred route. The aggregate prediction results of the multinomial logit 
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model in terms of route flows are plotted in Figure 4.4. The route switching rule set is 

used three times to predict the series of decisions that lead to the final route choice, given 

the order by which the four routes are driven. Similar to the route search rules, the route 

switching rules can also be applied as either deterministic or probabilistic rules. 

Aggregate prediction results in Figure 4.4 suggest the probabilistic implementation is 

superior. This is consistent with the results in the route search section. The probabilistic 

implementation of heuristic behavioral rules appears to provide better predictive accuracy 

then the deterministic counterpart. However, the probabilistic implementation will 

introduce variability in the results due to the randomization process. This issue is 

discussed in depth in Chapter 6. Figure 4.4 shows that the performance of the 

probabilistic rules is better than the multinomial logit model (MNL), while the predictive 

accuracy of deterministic rules is the worst. The sole purpose of the comparison between 

the if-then rules and the logit models in this section is to demonstrate the heuristic route 

switching rules provide plausible results. The comparison herein is not a performance 

evaluation of the proposed positive approach.  Route switching is only a component of 

the behavioral route choice model under development. Chapter 6 will test the integrated 

positive route choice model. 
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Figure 4.4. Performance of Rule-Based and Logit Route Choice Models on Test Dataset 

 

It should also be pointed out that the five selected routes have overlapping sections, 

especially the three routes at the bottom of Figure 4.3 (Marshall/Selby, Summit and 

Grand). The Multinomial logit model estimated does not take into account this factor. 

Using more advanced discrete choice models (Probit, Nested logit, C-logit, etc.) could 

address this issue. The results are expected to result in reduced flow estimates on the 

routes with overlapping sections. However, Figure 4.4 suggests that the MNL model 

already has the problem of under-estimating flows on the three routes with significant 

overlapping sections.      

 

4.5. Discussion 

 

A variety of modeling methods have been employed in this chapter to develop a 

behavioral model of individual route choice behavior. Behavioral components such as 

route search, information update, learning, spatial knowledge, and decision heuristics are 
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separately modeled but integrated under the tenet of the SILK theory.  Modeling methods 

such as Bayesian learning, rule-based knowledge representation, and acquisition allow 

quantitative estimation of these behavioral components. Distinct features of this model of 

individual behavior include quantification of spatial knowledge, rule-based route search 

and decision, dynamic adjustment of search expectations, empirical derivation and 

verification of behavioral rules and search cost distribution, and a completely 

disaggregate modeling structure. It is argued that these properties are desirable because 

they constitute a travel model that enjoys more realistic behavioral assumptions, a more 

rigorous modeling paradigm (than computational process models with behavioral 

assumptions that cannot be separately verified), and the ease of implementation. The 

modeling efforts presented in this chapter demonstrate the practicality of characterizing 

travel behavior as the outcome of a dynamic search process, which distinguishes it from 

equilibrium analysis.  

 

An advantage of the derived if-then rules is that they enable a completely disaggregate 

paradigm for travel behavior analysis and travel demand estimation, due to their minimal 

computational load. Under this paradigm, each traveler can be kept as the basic unit of 

analysis throughout all stages of the demand model. This should facilitate research on 

spatial interactions among travelers, and temporal dependencies of each traveler’s 

behavior. The proposed behavioral route choice model can take individuals’ activity 

programs as inputs, thus eliminating unnecessary intermediate aggregation such as OD 

table estimation.  

 

Conventional wisdom might suggest that models replacing normative assumptions with 

empirically derived behavior rules would require more data collection efforts. While this 

statement is true in this research, it is true to a degree probably less than many have 
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suspected in the case of route choice modeling. This research employs surveys and field 

experiments to create datasets for the estimation and verification of behavioral rules. 

Compared to more traditional data collection methods in travel behavior analysis such as 

travel diaries, the survey and experiment in this study focus on the decision-making 

process, more specifically on how search proceeds and how decisions are actually made. 

There is no obvious reason to believe that the presented data collection methods would 

become prohibitively expensive if the behavioral route choice model is adopted by a 

metropolitan planning organization, or if the positive approach is used to model other 

dimensions of travel behavior.   
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CHAPTER 5. MODELING SYSTEM PROPERTIES 

 

 

The relation between microscopic behavior at the individual level and macroscopic 

patterns at the system level is fundamental to the analysis of complex systems. In the 

context of travel analysis, properties of the transportation systems such as congestion 

emerge from individual travel behavior. After individuals’ route choice behavior is 

modeled in the previous chapter, an aggregation procedure is necessary to provide 

system-level statistics such as traffic flow on roadways for planning and policy analysis. 

The purpose of this chapter is to develop such an aggregation procedure and analyze the 

resulting system properties.   

  

The proposed methodology for deriving system properties from individual behavior is 

agent-based simulation. Agent-based modeling techniques are useful when a closed-form 

relationship between micro-behavior and macro-patterns does not exist, or when 

evolutionary properties of the system are important.  Section 5.1 develops an agent-based 

model for behavioral route choice analysis. Section 5.2 discusses properties of this model 

analytically and in comparison with some existing modeling paradigms.    

 

5.1. Model Development  

 

5.1.1. ELEMENTS OF AN AGENT-BASED MODEL  
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Agent-based modeling methodology has a long lineage beginning with von Neumann’s 

(1947) work on self-reproducing automata. The modern agent-based models employ 

methods from many fields, including artificial intelligence, cellular automata, genetic 

algorithms, cybernetics, cognitive science and social science. Its agent-based structure, 

flexibility, evolutionary principles, and computational advantages have made it a 

powerful tool in modeling complex systems. In general an agent-based model consists of 

three elements: agents, an environment and rules. Agents are the basic units of activity in 

the model.  Each agent is an independent decision-maker who has goals and behavioral 

rules. The ability to learn and adapt is an important characteristic of intelligent agents. In 

order to allow agents to learn and adapt in the model, it is necessary to define their 

knowledge (or memory) structure, information sources, and learning rules. The 

environment provides a space where agents evolve and interact. Agents individually 

adapt to the environment, but collectively they also change properties of the environment. 

Asides from behavioral and learning rules, agents may also follow a set of interaction 

rules which allow them to exchange information with each other or to directly affect 

other agents’ behavior. When an initial state is given, a multi-agent system evolves while 

individual agents continuously gather information, make decisions, and adjust behavior. 

The system may or may not achieve a steady pattern.  Historical dependency is a 

prominent property of agent-based models.  

 

5.1.2. AN AGENT-BASED ROUTE CHOICE MODEL  

 

It is straightforward to identify the agents for an agent-based route choice model. The 

decision-makers are clearly individual travelers. Their behavioral rules related to route 

choice have been developed in Chapter 4, including spatial knowledge, belief, learning, 

route search, and route switching. The environment is the road network. Travelers make 
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decisions subject to the network properties, such as cost functions and congestion effects. 

Their route choice behavior collectively also changes the flow pattern in the network. 

Figure 5.1 provides a flowchart of the proposed agent-based route choice model.  

 

Each link in the network has a capacity and free-flow travel cost which are constant. 

Traffic flow and actual link travel cost shift as individuals adjust their route choice 

behavior. A sub-network that consists of the most prominent and important links can be 

identified, which the travelers perceive as the basic network. For instance, all limited 

access highways in the Twin Cities constitute the basic network. It is also necessary to 

specify a cost module that computes actual link travel costs based on flows. There are 

two methods to achieve this goal. The relationship between link travel cost and flow can 

be simplified in a flow-cost equation when spatial interactions and dependencies of travel 

costs among adjacent links are ignored. Examples include the Bureau of Public Road 

(BPR 1964) function, and volume-delay functions calibrated by many local transportation 

planning agencies. These link cost functions usually rely on the volume capacity ratio as 

an indicator of congestion. More advanced analytical functions, often seen in dynamic 

traffic analysis, take into account bottleneck effects and link interactions in the 

transportation network. The second method is network-wide traffic simulation. As large-

scale traffic simulation becomes more practical, it is possible to use macro-, meso-, or 

micro-level simulators to estimate travel costs on any links and for any routes.  While an 

accurate link cost estimation process is important for travel analysis, it is beyond the 

scope of this research.  The BPR function is chosen for its simplicity, but any travel cost 

estimation methods discussed above can be adopted. 
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Figure 5.1. Flowchart of the Agent-Based Route Choice Model 
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Each traveler starts with some initial knowledge about the road network, which is the 

network connectivity, road hierarchy, and free-flow travel costs on different types of 

roads. Learning during the route search process allows them to find the actual travel costs 

with congestion.  The rules developed in Chapter 4 also imply travelers are familiar with 

the basic network and a small portion of the lower-level roads. More specifically, they are 

only familiar with the lower-level roads in the vicinity of their origins and destinations. 

Another traveler characteristic, the perceived search cost, is also specified at the 

beginning of the simulation based on the search cost distribution derived in Section 4.3. 

 

During each iteration, travelers update their knowledge and belief according to Bayes’s 

Rule as describe in Section 4.1.  They obtain new information when they search for and 

travel on alternative routes as travel costs change in the system.  An important feature of 

the simulation model is the dynamic adjustment of the expected search gains. When 

perceived search gain exceeds perceived search, a search for new alternatives is justified. 

Travelers apply search rules developed in Section 4.2 to find alterative routes, and apply 

switching rules developed in Section 4.4 to select routes after each round of search. 

Although the same search rules are used during the search process, multiple alternative 

routes will be generated because travelers’ spatial knowledge is also updating during each 

round of search. For instance, if a traveler encounters severe congestion on a specific 

road in a search iteration, this improved knowledge could lead to a new alterative route 

bypassing the congested road in the next search iteration, should the traveler decide to 

search for new routes.  
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In this agent-based behavioral model of route choice, travelers in many cases may not 

identify the theoretically shortest or quickest routes after search and behavioral 

adjustment stop for three reasons. First, to find the theoretically best route requires the 

examination of all alternatives. The existence of perceived search cost limits the 

comprehensiveness of the search process. Second, travelers’ spatial knowledge is 

imperfect. They do not know all roads in the network, nor do they have accurate 

information about travel costs on all roads. Finally, the route search and switching rules 

are limited by their heuristic nature.  

 

The search process in the model is not necessarily continuous. Travelers may stop 

searching for alternative routes at a point when they are satisfied with their current 

situations given their existing spatial knowledge and belief, and start a new round of 

search later when conditions on their current routes deteriorate and they learn some new 

information leading to higher expected search gains.  

 The Behavioral User Equilibrium (BUE) is defined as the state when all travelers 

stop searching and finalize their route choices because for each traveler the perceived 

search cost exceeds the expected gain from an additional search.  

This implies traffic flows, as well as travel costs in the network, will also stabilize.  

Under these conditions, the transportation system in the agent-based model evolves into a 

traffic equilibrium. The BUE is derived based on the positive theory of travel behavior 

(SILK) and the behavioral route choice model.  

 

When network supply, population, and land use are not constant and change over time, 

the agent-based model will not reach a traffic equilibrium. In such case, individuals in the 

model search for routes and adjust decisions in response to various system changes. 

Travelers are added to (or removed from) the system with certain spatial knowledge as 
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population grows (or declines). This scenario can be properly referred to as evolutionary 

analysis.  

 

Studies using the BUE definition differ from the traditional equilibrium analysis, because 

the agent-based model also shows individuals’ actual decision-making processes (the 

equilibration process) that eventually lead to the BUE.       

 

5.2. Model Properties   

 

Convergence of the agent-based model can be directly measured by the remaining 

number of travelers still searching for alterative routes. Performance of the network can 

be measured both after the equilibrium is reached and during the equilibration process. 

This is an advantage of the agent-based model over network equilibrium models. This 

capability of the agent-based model would be valuable in situations when the duration of 

the equilibration process is quite significant in comparison with the planning horizon, or 

when it is clear an equilibrium does not exist in the modeled system. Since it should be 

intuitive to understand how the agent-based model tracks the system evolution over time, 

the following discussion focuses on the equilibrium properties of the agent-based mode – 

the properties of the BUE.  

  

5.2.1. PROPERTIES OF THE BEHAVIORAL USER EQUILIBRIUM 

 

The condition for the Behavioral User Equilibrium (BUE) is that for all users perceived 

search costs exceed expected search gains. In order to demonstrate that this equilibrium 

indeed exists, it is necessary to revisit Equation 4.7 which estimates subjective search 
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gain (gi) for traveler i. The traveler’s perceived search cost (ci) is always a positive 

constant. Therefore, there must exist a positive integer Ni such that after Ni searches ci > 

gi, because: 

 0
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+
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=
∞→∞→
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ttg
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        (5.1) 

 

Let N* be the maxim of all Ni s.  The BUE will surely be reached after N* search 

iterations, which demonstrate its existence. The BUE exists because users adjust their 

expected search gains to accommodate unsatisfactory performance of the transportation 

system. Eventually, an individual stops search either because a good alternative is 

identified, or because repeated experience with unsatisfactory alternatives leads to 

decreased expectations.  

 

When the search and switching rule sets are implemented as deterministic rules (i.e. the 

same antecedent condition of an if-then rule always yields the same behavior), the BUE 

flow pattern is also unique given an initial system state, because travelers’ route choice 

behavior is completely determined by search, learning, decision rules, and the initial 

state. In this sense, the BUE with the deterministic implementation is also unique. 

However, if probabilistic rules are used in conjunction with a randomization procedure 

(e.g. a pseudo random number generator), the agent-based model will exhibit Markovian 

variability and different BUE flow patterns will be obtained. However, a specific random 

seed and initial condition will still lead to the same equilibrium state.  

 

An equilibrium is considered stable if the system can return to the same equilibrium state 

after a perturbation. A small change in the network may cause individuals in the agent-

based model to start searching for new alterative routes because their perception about 
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search gain increases just slightly to exceed the perceived search cost. For the same 

reason, some travelers may change routes when a small perturbation is introduced to the 

system. Even if just a few travelers actually change route, they may not switch back to 

their previous routes after the perturbation disappears because the search and route 

changes will enable them to learn new information and update their spatial knowledge. 

Therefore, the BUE is not stable, which is expected for a system with historical 

dependency. The question of whether or not a small noise causes consequential impacts 

in the route choice model cannot be answered analytically. Simulation experiments are 

necessary. 

 

The nature of the agent-based method dictates that the final BUE depends on the initial 

state specified. In the proposed model, it is assumed that the network is empty in the 

initial state and users are loaded onto the network simultaneously. In the real world, the 

network is constantly changing and population fluctuates. In order to apply the agent-

based model or BUE for transportation planning or policy analysis, it is necessary to 

properly identify the initial conditions. A common method to deal with this issue is to 

first run the model with an arbitrary initial state and save a later system state as the new 

initial state for analysis.        

 

5.2.2. ANALYTICAL COMPARISON OF ROUTE CHOICE MODELS 

 

The behavioral assumptions and theory underlying the agent-based route choice model 

and BUE obviously differ from those underlying normative route choice models such as 

deterministic and stochastic user equilibrium models. This difference at the theoretical 

level has been discussed extensively in Chapter 3. It is also possible to analyze the 

difference between the Behavioral User Equilibrium and the Deterministic (DUE) and 
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Stochastic (SUE) User Equilibria. At BUE, many users may not find the theoretically 

best route. Given the same demand pattern, compared to DUE in which all used routes 

have lowest and equal travel time (or generalized cost), the overall traffic flow under 

BUE is expected to be higher than that of DUE with variation at the individual link level. 

However, there is also slim possibility that the BUE flows are lower than the DUE flows. 

This may occur when some individuals’ non-optimal route choices at BUE enable others 

to travel more efficiently, creating a traffic pattern closer to the socially optimal pattern.  

 

Stochastic User Equilibrium acknowledges perception biases in route attribute learning. 

Algorithms developed for solving SUE presume perfect spatial knowledge except this 

perception bias (e.g. Dial’s algorithm) or make certain assumptions for choice set 

generation (e.g. labeling method, implicit choice set generation) (Ben-Akiva et al. 1984, 

Rammings 2004). In general, SUE flows are expected to be higher than DUE flows. 

However, the principles of SUE will likely cause demand between an origin-destination 

pair to spread out among more routes than DUE or BUE. The actual flow patterns at the 

three different user equilibria will be solved on a road network and compared in the next 

chapter.   

 

The dynamics of learning, search, and switching behavior in the agent-based model may 

be better understood as the day-to-day evolution of route choice behavior. When traffic 

evolution within a peak period is of concern, demand should be loaded onto the network 

dynamically, which requires the consideration of spatial and temporal dependencies of 

demand and travel cost. Dynamic Traffic Assignment (DTA) algorithms have been 

developed for this purpose (Merchant and Nemhauser 1978ab, Friesz et al. 1989, 

Mahmassani et al. 1994, Ran and Boyce 1994, Ben-Akiva et al. 1998, Nagurney 1998). 

Most DTA algorithms inherit the basic behavioral assumptions of the DUE or SUE. The 
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proposed agent-based model can be used for DTA when the following questions are 

answered: (1) What is the real-time information available to travelers, since the positive 

approach does not simply assume perfect real-time information; (2) To what extent 

travelers trust and use real-time information, which is a question about perception and 

belief; (3) What are the route search and switching rules in real-time situations and are 

they similar to those developed in this research. To consider dynamic route choices in a 

behavioral model essentially calls for the application of the SILK theory to additional 

dimensions of travel behavior, such as departure time choices.    

 

The BUE in the agent-based model also differs from the Boundedly Rational User 

Equilibrium (BRUE) concept proposed by Mahmassani and Chang (1987). They use the 

notion of indifference bands to describe travelers’ satisficing behavior. This research 

theorizes and models the search process and its three most important characteristics: 

heuristic search and decision rules, perceived search cost, and subjective search gain. 

With the assumption of Bayesian spatial learning and the specification of spatial 

knowledge at BUE, it becomes possible to quantitatively determine the dynamics of 

expectation adjustment, and to empirically derive perceived search costs. Although the 

basic principles of bounded rationality exist in both BRUE (indifference bands) and the 

BUE (subjective search gain and perceived search cost), these principles alone do not 

completely describe the travel decision-making process. In contrast, the proposed positive 

approach has provided a theory explaining various aspects of travel behavior and their 

interactions, and allowed empirical derivation of behavioral rules and other decision 

factors.  

 

There has also been development of route choice models with fuzzy logic techniques 

(Henn 1997, Liu et al. 2003). Fuzzy logic is typically used to model users’ vagueness and 
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uncertainty about travel costs in the network, which should improve the behavioral 

realism of route choice models. However, principles of the DUE or SUE are still used in 

these models for traffic assignment, while the BUE follows the SILK theory and 

represents a positive and evolutionary approach. Currently the BUE is obtained with if-

then rules describing search behavior. But it should also be possible to develop positive 

travel demand models with fuzzy behavioral rules.   
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CHAPTER 6. MODEL DEMONSTRATION: BEHAVIORAL   

USER EQUILIBRIUM ON A LARGE NETWORK   

 

 

In practice, travel demand models are used to estimate demand responses to various 

factors in the transportation system. These factors may be population growth, economic 

development, land use changes, capacity expansion, pricing schemes, control and 

information systems, and travel demand management strategies. For these applications,  it 

is necessary to predict the spatial and temporal characteristics of future travel demand or 

demand patterns corresponding to alternative actions. Planners are most interested in 

aggregate system properties, especially those related to land use patterns such as 

accessibility. Demand analysis in engineering applications focuses on traffic flows, level 

of congestion, and level of service, because they indicate the system efficiency. 

Economic and policy studies require demand models to provide not only system-level 

benefits and costs, but the identification of winners and losers as well.  

 

With more realistic assumptions about travel behavior, a positive theory underlying the 

modeling process, and empirically derived behavioral rules, the agent-based route choice 

model is expected to improve travel demand analysis in a variety of applications. By 

using individual travelers as the basic units of analysis and tracing their individual 

decision-making processes, the positive model is especially valuable when the impacts at 

the individual level are of interests. The evolutionary nature of the proposed model 

should better replicate route choice dynamics in the real world than equilibrium methods.  
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This chapter has several goals. First, the Behavioral User Equilibrium is solved for a 

large real-world network, which demonstrates the readiness of the agent-based model for 

addressing various real-world problems. Properties of the proposed positive modeling 

approach have been discussed qualitatively in the previous chapters. The second purpose 

of this chapter is to extend that discussion and present quantitative results. Finally, two 

existing normative equilibrium methods for route choice analysis, namely the 

deterministic user equilibrium and the stochastic user equilibrium, are summarized and 

compared with the positive evolutionary model. While the advantages and disadvantages 

of the normative methods in travel analysis are relatively better known, this comparison 

shall improve our understanding of the strength and limitation of the positive approach.            

 

6.1. Route Choice and Assignment on the Twin Cities Network  

 

After a traveler identifies the origin and destination of a trip, the following task is to find 

a path to travel from the origin to the destination. When all travelers in a network have 

made their final route choice decisions, a traffic pattern emerges. This is referred to as 

route assignment or traffic assignment. Route assignment is often the computationally 

most intensive part of travel demand forecasting, because each driver affects and is 

affected by other drivers. When no driver switches routes given others’ route choices, the 

transportation network is considered at a user equilibrium. In reality, transportation 

networks probably never achieve equilibrium as demand and supply characteristics 

change constantly. Equilibrium analysis of route assignment simplifies the route choice 

problem and in many cases guarantees a unique solution of network flows, which is 

deemed by some as a valuable model feature.   
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In this section, we will examine from various perspectives the traffic equilibration 

process in the behavioral route choice model and the final Behavioral User Equilibrium 

on a large realistic network. The organization of this section is as follows. First, the 

chosen network and input data for the analysis are briefly introduced. The next sub-

section takes a microscopic view at the route choice decision process by tracking an 

individual traveler’s spatial knowledge, learning, search outcomes, and route choice 

evolution. The convergence of the model is then discussed. Devoid of the assumptions of 

perfect information and unlimited decision capability, the proposed route choice model 

also reports the excess travel cost at the individual level. Goodness-of-fit of the positive 

model is tested using observed traffic count data. Common to all simulation models with 

a randomization process is the Markovian Variability in results. This issue is addressed at 

the end of this section.   

 

6.1.1. TWIN CITIES ROAD NETWORK  

 

The road network for model demonstration is the same as the one for model estimation 

and verification in Chapter 4 – the Twin Cities road network. The Twin Cities 

metropolitan area has approximately three million residents and limited access freeways, 

which represent the highest level of hierarchy in the road network, serve a significant 

portion of daily trips (The freeway sub-network accommodates approximately 1.5 million 

trips during a typical afternoon peak period in 2000 based on the author’s calculation 

using loop detector data). The source of the network data is the Twin Cities Metropolitan 

Council (MetCouncil), the Metropolitan Planning Organization (MPO) for the region. 

The road network has been coded for a typical sequential travel demand model. The 

coded network has 1200 centroids, 7976 nodes, and 20194 one-way links. It is also 

necessary to identify all access and egress points on the basic network (defined as the 
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freeway sub-network for the applications) for the behavioral route choice model. If a 

node has at least one non-freeway feeding link and one outgoing freeway (including on-

ramps) link, the node is an access point (e.g. the start node of an on-ramp link). If a node 

has at least one freeway (including off-ramps) feeding link and one non-freeway outgoing 

link, the node is an egress point (e.g. the end node of an off-ramp link). When these rules 

are applied, 537 access points and 530 egress points are found in the Twin Cities 

network.   

 

The behavioral route choice model is able to take origin-destination information at the 

individual level as input, and proceeds to the route choice step without aggregated 

demand tables. Activity-program generators and schedulers such as the computational 

process models and advanced discrete choice models reviewed in Chapter 2, can provide 

origin-destination information at the individual level. However, the best available origin-

destination demand information for the road network in the Twin Cities is the daily and 

peak-period origin-destination demand tables estimated by either gravity models or 

discrete choice models (MetCouncil 2000). The origin-destination demand information 

during the afternoon peak period is selected for applications of the agent-based route 

choice model. This is done through populating the demand table with individual traveler 

agents. For instance, if the demand data indicate there are twenty travelers departing from 

origin A and destined for destination B, twenty traveler agents will be created in the 

agent-based model whose origin is A and destination is B. These twenty travelers, 

however, will have different personal characteristics, such as perceived search cost, and 

over time will accumulate varying degrees of spatial knowledge and select different 

routes. It should be noted that the demand table has been optimized to improve the 

predictive accuracy of the regional planning model in the base case scenario, which is a 

traditional four-step planning model (MetCouncil 2000).         
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6.1.2. THE DECISION-MAKING PROCESS OF A REPRESENTATIVE TRAVELER  

 

It is easier to understand how the agent-based model works in an example. The decision-

making process of a representative traveler agent in the model is traced and described 

below. Let us refer to this traveler as agent Z for the purpose of discussion. Based on the 

origin-destination demand data, traveler agent Z is created with a specific origin-

destination pair shown in Figure 6.1. Z’s goal is to find the best route from O to D taking 

into account search cost and using heuristic search and route choice rules. The 

distribution of search costs has been estimated using survey data in Chapter 4. Based on a 

pseudo random number generator, a relative search cost of 0.14 is assigned to Z. This 

implies that if Z initially believes it would take ten minutes to make the trip, Z’s 

perceived search cost would be equivalent to 1.4 minutes per trip. Z would therefore stop 

searching for alternative routes if the subjective search gain falls below 1.4 minutes per 

trip. The route search and switching rules have also been empirically derived and 

described in Chapter 4. Z, as well as other travelers in the model, applies these non-

optimal, heuristic if-then rules to search for alternatives and make decisions.  

 

At the beginning of the route search process, Z’s spatial knowledge is no more than a 

coarse understanding of the connectivity and hierarchy of the road network. Another part 

of the initial knowledge is the free-flow travel speed on different types of roads. That is 

travelers know they can travel faster on limited access freeways than arterial roads under 

ideal conditions even without any actual driving experience on the network. However, the 

actual travel times on different links and routes are unknown to Z at this initial stage.  
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Figure 6.1. Twin Cities Road Network 

 

Based on the initial spatial knowledge, Z attempts to find the first alternative routes using 

the search rules. After the first search rule fires ( RULE: If ( T1 ≤ 1.35T2 ) Consider 

Route 1; 100% Accuracy), Z is able to narrow the search to routes using one of fourteen 

freeway access points (shown as green dots in Figure 6.1).  This is because freeway 

routes using other access points and non-freeway routes are at least 35% slower as 

perceived by Z based on the available spatial knowledge. After some of the remaining 

route search rules fire in a similar fashion, Z identifies the first alternative route, shows as 

a green line in Figure 6.2.   
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Figure 6.2. Comparison of Shortest, Fastest, and Searched Routes 

 

For comparison purposes, the fastest (blue line) and the shortest (brown line) routes 

connecting O and D based on Z’s initial spatial knowledge are also drawn in the graph. 

The blue route is not considered by Z in this round of route search because the green 

route has a slightly (0~10%) longer travel time (T), but significantly (>20%) higher 

percentage of travel on the basic network (BT), and the same two transfers (H) between 

different levels of roads. ( RULE: If ( T1 < T2 ≤ 1.1T1 & 1.2BT1 ≤ BT2 & H1 = H2) 

Consider Route 2; 92% Accuracy ). Note that this if-then rule has a 92% accuracy on the 

dataset for rule induction. When this rule is used in the model application, a deterministic 

implementation would require the rule to fire as long as the condition is met. In contrast, 

a probabilistic implementation would fire the rule 92% of time when the condition is met. 

Therefore, Z’s route search behavior may change when a different seed for random 

number generation is adopted in the probabilistic implementation. This is how the issue 
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of Markovian variability arises in the model, which is discussed in detail in a later 

section.     

 

The expected travel time on the first alternative route is 23 minutes based on Z’s initial 

knowledge (i.e. free-flow travel time). Since Z’s relative search cost is 0.14, the perceived 

search cost for this trip is about 3 minutes (c = 23 × 0.14). That is Z will stop searching 

for new routes if the expected search gain has less than a 3-minute travel time saving.  

However, other travelers’ decisions in the first round of route search lead to heavy 

congestion on several freeway links on Z’s first route. The actual travel time on the 

selected route is 39 minutes as estimated by the BPR flow-cost function in the model. Z 

learns from the driving experience and updates spatial knowledge. Z now has some 

historic knowledge about actual travel time on all segments of the first route. Based on 

the Bayesian learning assumptions, Z now believes there is a 50% chance that 23-minute 

is the lowest possible travel time  from O to D, and a 50% chance that 39-minute is the 

lowest possible travel time  (consult Equation 4.3). Therefore, after one round of search 

(N = 1) Z expects that an additional round of search would lead to an 8-minute (g =(39 – 

23)/(1 + 1)) reduction in travel time (consult Equation 4.7).  Z therefore decides to 

explore other alternative routes because the expected search gain (8) exceeds the 

perceived search cost (3).  

 

In the next round of search, the same set of search rules under the new updated spatial 

knowledge produces a new alternative route shown as the brown line in Figure 6.3. Z 

tries to bypass the congested freeway sections by using a different egress point (i.e. 

exiting early) from the basic network. The actual travel time on the new route is 34 

minutes. With a new alternative route found, Z then applies route switching heuristics to 

decide whether or not to switch to this new route. After a route switching rule fires, the 
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decision is to switch to the new route for the significant reduction in travel time. Again, 

Z’s spatial knowledge is improved with the actual travel time information on the new 

route. Z’s new knowledge about traffic conditions causes the belief that another search 

has an expected gain of about 4 minute reduction in travel time (g = (34 – 23)/(2 + 1)), 

which is still larger than the perceived search cost of 3 minutes.  Therefore, the search 

process continues. Eventually, Z still chooses the brown route for this OD pair after 

considering three alternative routes, all shown Figure 6.3. The final travel time on the 

chosen route is 28 minutes, because other drivers also adjust their decisions in the model 

causing a reduction of travel time on the brown route during the evolutionary process. 

The expected gain from an additional search is about 1 minute after three rounds of 

search for Z, lower than Z’s perceived search cost.  It is clear that in the agent-based 

model, Z makes the final route choice decision after considering a very small portion of 

all alternative routes.  

 

 

Figure 6.3. Intermediate and Final Route Choice Decision 
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6.1.3. CONVERGENCE   

 

In the modeled afternoon peak hour, there are about 594,000 traveler agents searching 

and switching routes on the Twin Cities network. These travelers cease search at different 

points of time and the behavior user equilibrium (BUE) is achieved when for all travelers 

the subjective search gain is lower than the perceived search cost. The convergence of the 

model can be directly measured by the number of travelers still searching and changing 

routes on the network. Figure 6.4 shows that the convergence process is smooth. The 

equilibration process takes 43 search iterations on the Twin Cities network. Some 

travelers may attempt to find better routes in all 43 iterations. Some may have stopped 

route search and behavioral adjustment within several iterations. Some may stop search at 

an earlier iteration, but restart search at a later iteration due to changes in travel costs on 

the network. If each traveler drives between the given origin-destination pairs five days a 

week and all travelers start route search at the same point of time, it would take a little 

longer than two months for the traffic to stabilize and equilibrate on the network. Of 

course, drivers in the real world start searching routes to fulfill their travel demand not at 

the same time, and the presumed initial condition in the model hardly corresponds to a 

traffic state in reality. However, if one intends to also replicate the actual traffic 

equilibration process and day-to-day traffic dynamics, it is possible to use the presumed 

initial condition to initialize the agent-based model, but take a later iteration as the 

starting condition for the actual analysis. This is similar to a warm-up period in some 

traffic simulators.    
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Figure 6.4. Convergence of the Agent-Based Model on the Twin Cities Network 

 

The two graphs below (Figures 6.5 and 6.6) plot the convergence of flow and travel cost 

at the link level.  On these randomly selected links, flow and cost reach steady patterns 

after about 20 iterations. The magnitude of flow and cost fluctuations consistently 

decrease over time. Considerable oscillation can be observed on some links in the 

beginning iterations.  Such large oscillatory flow patterns usually are not typical in 

reality. Again, the assumed initial conditions account for this peculiarity in convergence. 

A warm-up period will eliminate this problem as demonstrated in a later application in 

Chapter 7.  

 

The agent-based model is coded as a Java program and executed on a PC equipped with a 

Pentium IV 1.7 GHz processor, which is probably slower than standard computers used 

by many planning agencies. Each iteration of the route choice decision process takes 

approximately 2.4 minute of CPU time. There is small variation on the per-iteration 

execution time depending on the number of travelers still searching and switching routes 
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in the model. Although a large number of travelers (594k) are simulated, the execution of 

the route search and switching rules is still very efficient and computationally 

inexpensive. This means that running models with several millions of travelers should 

also be practical because the running time increases linearly as the number of travelers 

increases.       
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Figure 6.5. Convergence of Link Flow 
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Figure 6.6. Convergence of Link Travel Cost 

 

 

6.1.4. THE COST OF NOT BEING “RATIONAL” 

 

Travelers in the behavioral route choice model are not perfectly “rational” n that they do 

not minimize travel time. They are restrained by information acquisition cost, decision 

cost, computational limitation, time budget, and deadlines. They also follow intuitive and 

heuristic behavioral rules, which together represents a positive approach. If planners and 

engineers take a normative view on system performance, the non-rational behavior may 

have a cost because it is not at optimum defined by normative standards. If minimizing 

system-wide travel cost is the normative goal from a system manager’s perspective, the 

cost of not being “rational” is the excess travel cost, defined as the difference between the 
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actual travel cost and the minimum possible cost on the network. The relative excess cost 

is the excess cost normalized by the minimum possible cost ((actual – 

minimum)/minimum).  

 

When many travelers search and change routes in an ever-changing environment, the 

traffic pattern shifts continuously and it is difficult for individuals to find the best routes. 

The average relative excess cost of all modeled travelers is very high during the first 

several iterations (See Figure 6.7).  As more and more travelers stop searching and 

switching routes, a steady decrease in the relative excess cost is observed. At the BUE, 

the average relative excess cost is 0.18, which implies that an average traveler could 

reduce travel time by 18% provided that other travelers do not subsequently change 

behavior.  
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Figure 6.7. Convergence of the Average Relative Excess Travel Cost 
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If we analyze the distribution of the relative excess cost among travelers, we can find that 

only about 25% of travelers are able to find the routes with the minimum travel cost. In 

the worst case, a traveler may incur unnecessary travel cost as high as 42% of the total 

travel cost (See Figure 6.8). The route search survey data described in Section 4.2.1 show 

that excess travel also occurs in reality, which deviates from the predicted distribution 

slightly. An examination of the number of alternative routes travelers actually considered 

should explain the significant excess cost (see Figure 6.9). Various constraints and the 

replacement of optimization with heuristics lead many travelers to consider only one or 

two routes, while the total number of alternative routes could easily reach thousands or 

more on the Twin Cities network.  
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Figure 6.8. Distribution of the Relative Excess Cost 
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Figure 6.9. Distribution of the Number of Considered Alternative Routes 

 

The socially desirable traffic pattern can be achieved when some, but not all, travelers are 

willing to search extensively for alternative routes. The high excess cost in the model 

results does not necessarily indicate that all travelers can achieve significant travel time 

savings when they all somehow find the best routes, because that simply creates the 

deterministic user equilibrium. The deterministic user equilibrium where all travelers 

travel on the fastest routes given others’ choices does not yield a socially optimum 

situation. To uniformly improve travelers’ ability to find the best routes, as many real-

time traveler information systems promise, may not improve the system as a whole. 

However, to intentionally benefit a certain group of travelers has adverse equity 

implications.  
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In light of these situations, the variation of search costs among travelers revealed in 

Section 4.3.1 is particularly interesting, and can serve as a new theoretical basis for the 

deployment of advanced traveler information systems. If all users have extremely low 

search cost (c → 0 for all users), the deterministic user equilibrium is obtained as a 

special case of the BUE given perfect decision rules. If all users have extremely high 

search cost (c → ∞ for all users), the All-or-Nothing assignment is obtained as another 

special case of the BUE given perfect decision rules.  Neither of the two extreme search 

cost distributions produces the socially desirable route choices. Advanced traveler 

information systems change the existing distribution of search costs by making accurate 

information easier to obtain. The existing distribution of search costs is empirically 

obtainable as demonstrated in the modeling chapter. How advanced traveler information 

systems affect the distribution is an interesting and important research question for the 

application of the SILK theory in this area.       

 

6.1.5. GOODNESS OF FIT  

 

The traditional method for checking the goodness-of-fit of travel demand models is to 

compare the predicted with the observed link traffic flow. Although this is a practical 

approach as traffic counts on many road sections are available, it is not rigorous for 

several reasons. First, the accuracy and precision of a travel demand model depends on 

many factors, including but not limited to models of: population growth, economic 

development, land use, trip generation, trip distribution, scheduling, trip chaining, mode 

choice, route choice, and travel cost estimation. The discrepancy between any predicted 

and the actual flow patterns in a base case does not indicate its true source. The use of 

adjustment factors to better match flows in the base case in some models may actually 

result in poor predictive accuracy that a good travel demand model should avoid.   
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With these limitations in mind, we compare the model predicted and observed traffic 

flows on the Twin Cities network just to show that the positive model developed provides 

flow estimates roughly consistent with the observations. Another school of thought 

suggests that a good demand model should foremost be based on reasonable assumptions 

of user behavior and help improve our understanding of the underlying individual 

decision-making process, while the predictive accuracy should not be over-stressed. The 

agent-based behavioral route choice model is superior to existing normative route 

assignment models according to this second criterion. With respect to the predictive 

accuracy, we provide the following graph plotting the predicted and observed link flows.       

 

When a linear regression analysis is conducted with the observed flow as the dependent 

variable, the following two regression equations are derived: 

With constant:  AADT = 209 + 1.09(BUE Flow)   (6.1) 

Without constant: AADT = 1.12(BUE Flow)    (6.2) 

 

The behavioral model explains about 53% of variation in link flow with or without the 

constant term in the regression equation. The AADT data are collected by MnDOT and 

county Public Works departments, and provided by the MetCouncil on more than 8000 

links. However, only a portion of all link-level AADT data is directly collected by traffic 

recorders.   
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Figure 6.10. Model Goodness-of-Fit 

 

 

6.1.6. MARKOVIAN VARIABILITY   

 

An issue common to stochastic simulation models is the dependence of results on the 

specified seed for the pseudo-random number generator, a type of Markovian variability.  

The proposed agent-based simulation model is not an exception. Each statistic in the 

results could be viewed as a random variable with a complicated random process. 

Therefore, the central limit theorem applies, and taking the average of multiple 

simulation runs should diminish the Markovian variability. However, large-scale 

simulation models tend to have high computational cost. If a large number of runs are 

AADT in MetCouncil Database (1000 vehs)
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required to achieve an acceptable level of reliability of the results, an undesirable model 

feature arises.  

 

We test the Markovian variability by running the proposed model with thirty randomly 

generated random seeds. The measures of variability are the average and maximum root 

mean squares of error (A-RMSE and M-RMSE) which are defined by the following 

equations respectively: 
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Where 

r: Index of agent-based simulation runs 

R: Total number of simulation runs 

l: Index of links on the network 

A: Total number of links 

r
lf : Predicted flow on link l in run r 

 R
lf : Average predicted flow on link a in the previous R runs 

 

Similarly, the average and maximum RMSEs can be defined for link travel costs and the 

overall relative excess cost (as defined in Section 6.1.4). Figure 6.11 illustrates the 

average RMSE for link flow and cost. Even if the agent-based model is run once on the 
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Twin Cities network, the average deviation of link flow in the first run from the 30-run 

average flow is merely 3.4%, and the average deviation of link cost 0.7%. Variation of 

the resulting flow and cost at these levels is probably acceptable for many planning and 

engineering applications. Further reduction of variability can be achieved as the number 

of simulation runs increases. However, the marginal return of each additional run 

continues to drop and becomes insignificant after 20 runs. For practical purposes, it is fair 

to conclude that five iterations should provide quite reliable results. The small Markovian 

variability has also been observed in other agent-based models of travel demand. Zhang 

and Levinson (2004) document the finding of negligible simulation variation in an 

exploratory agent-based travel demand model.  
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Figure 6.11. Average Variation of Link Flow and Cost 
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Figure 6.12. Maximum Variation of Link Flow and Cost 

 

Because the RMSE could be very large for links with extremely low flows even when 

just a small flow discrepancy exists (e.g. RMSE = 1000% when the actual flow is 1 

veh/hr and the predicted is 10), the maximum RMSE is computed only among non-trivial 

links with hourly flows higher than 1000 vehicles per hour. The maximum RMSE of link 

flow is about 27% after a single simulation run, while the maximum RMSE of link cost 

reaches 86% (note that link travel costs could be very small even for links with high 

flows if the link lengths are short). After five simulation runs, these percentages diminish 

to 5% and 19% respectively. After seventeen simulation runs, even the maximum RMSE 

becomes negligible. According to these results, if the positive route choice model is 

applied to estimate demand responses on a specific facility or in a local area, it is 

recommended to execute the simulation for at least ten runs. Examples of such analysis 

include the user impacts of a new pricing policy in a corridor, derived demand of a 

capacity improvement project, and traffic impacts of a major land use development. Ten 
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simulation runs should ensure reliability of the results even if the facility in question 

happens to be the link with the maximum Markovian variability in the simulation model. 

On the Twin Cities network, ten simulation runs can be completed within a day (about 18 

hours) on a Pentium IV 1.7 GHz machine.  

 

Figures 6.13 and 6.14 further explore the variability of simulation results. The variation 

of the average relative excess cost and number of considered routes is very small. If only 

these statistics are of interest, a single simulation run should suffice.   
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Figure 6.13. Average Variation of Relative Excess Cost 
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Figure 6.14. Average Variation of Link Flow and Cost 

 

6.2. Network Flow Patterns under Different Behavioral Assumptions   

 

The final traffic equilibrium pattern predicted by a demand model depends on the 

underlying theory and assumptions about travel behavior. It is expected that normative 

and positive assumptions would produce dissimilar user equilibria on a network. Two 

normative route choice principles, deterministic user equilibrium (DUE) and stochastic 

user equilibrium (SUE), are considered in addition to the behavioral user equilibrium 

(BUE) defined in this research. Since closed-form solutions to DUE and SUE do not exist 

on complex networks, it is necessary to employ iterative solution algorithms. However, 

the sole purpose of these iterative procedures is to find the equilibrium flows and costs. In 

contrast, the search iterations in the behavioral route choice model actually represent 

travelers’ decision-making processes. This is a major difference between algorithms for 



146 

solving the normative route assignment problem (e.g. Frank-Wolfe, Evans, Feedback, 

Origin-based algorithm, and Method of Successive Averages) and the agent-based 

simulation approach.  

 

We will briefly review the behavioral assumptions behind DUE and SUE, and their 

solution algorithms. The traffic patterns under DUE, SUE, and BUE are then compared 

with each other and with the observed traffic counts. Some interesting results are 

obtained, which also indicate several future research needs on route assignment.        

 

6.2.1. DETERMINISTIC USER EQUILIBRIUM (DUE) 

 

The development of the DUE principles is attributed to Wardrop (1952) who states “The 

journey times in all routes actually used are equal and less than those which would be 

experienced by a single vehicle on any unused route.” The implicit behavioral 

assumptions behind this Wardrop user equilibrium principle are that all travelers have 

perfect information and unlimited computational ability. They are assumed to minimize 

travel time or generalized travel cost without perception, learning, or decision biases. The 

cost of search and information is zero in the DUE model. These normative assumptions 

are clearly not realistic.   

 

However, the uniqueness of DUE, its ease of understanding, and the similarity to the 

acclaimed Nash Equilibrium principles (It appears that Wardrop developed the DUE 

principles unaware of Nash’s research on game theory) have earned DUE an important 

role and status in travel demand models. DUE remains the most popular route assignment 

criterion in planning and engineering applications, despite its unreasonable behavioral 

assumptions and flow fluctuations in the convergence process (Boyce et al. 2004).  
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DUE can be formulated as an equivalent minimization problem that can be solved by the 

Frank-Wolf algorithm (Sheffi 1985). Several more advanced algorithms have also been 

developed with faster convergence. It is claimed that the Origin-Based Algorithm (OBA) 

is a faster algorithm to solve the DUE than its competitors (Bar-Gera and Boyce 2003). 

The OBA algorithm is used in this study to find the DUE link flows on the Twin Cities 

network with a relative gap (percentage of travel cost in excess of the minimum cost) of 

1×10-8 as the convergence criterion. In order to reach accurate DUE solutions (i.e. very 

small relative gaps), long running times are typical. A rudimentary approach to 

approximate the DUE flows is the incremental assignment algorithm, which will be 

referred to as DUE-I in the following comparison. The origin-destination table in DUE-I 

is split into several partial tables usually with the 0.4, 0.3, 0.2 and 0.1 ratios. These partial 

demand tables are then loaded onto the network incrementally (Ortuzar and Williamson 

2001). 

  

6.2.2. STOCHASTIC USER EQUILIBRIUM (SUE) 

 

The SUE principles are still based on the utility maximization framework, but claim that 

travelers do not have perfection information about travel cost. There exist perception 

errors. Instead of minimizing the total objective travel time, travelers minimize perceived 

travel time. The perception error adds a random component to the travelers’ utility 

structure. The perception error is not uniform for all travelers and often assumed to 

follow Normal or Gumbel distributions, which results in the Probit or Logit network 

loading procedures respectively (Daganzo and Sheffi 1977, Sheffi 1985). Most SUE 

solution algorithms make some seemingly plausible assumptions about the travelers’ 

route choice set, and load origin-destination flows to the candidate routes using logsums 
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to split demand. For instance, Dial’s algorithm considers a route within the choice set as 

long as each movement along the route takes travelers away from the origin and/or closer 

to the destination. After each round of network traffic loading, link travel costs change 

and so does the attractiveness of the links. Therefore, there will be discrepancies between 

flows in different network loading iterations. In order to reach the SUE, it is necessary to 

update flows in a proper manner. The Method of Successive Averages (MSA) is a flow-

updating procedure that guarantees convergence under certain conditions (Powell and 

Sheffi 1982, Sheffi and Powell 1982). To solve for the SUE flows on the Twin Cities 

network, we use Dial’s algorithm for network loading and MSA to update network flows. 

The default location parameter in the users’ Gumbel error terms is assumed to be 0, and 

scale (or dispersion) parameter 0.2 following Leurent's (1994) unless otherwise specified. 

A larger scale parameter implies smaller perception variance among travelers, and 

consequently slower convergence time (Sheffi 1985). At the extreme when the scale 

parameter approaches positive infinity, a deterministic assignment is obtained as a special 

case of the SUE. When the scale parameter approaches zero, choices are random and 

traffic flows become equal on all alternative. The default value of 0.2 is relatively small, 

and implies that a five-minute travel time difference on two alternative routes would 

cause a 25/75 split of traffic. Alternative values of the SUE parameter will be tested. 

When the maximum difference of flows on all links between two consecutive iterations 

falls below one vehicle per hour, the network is considered at the SUE and the flow 

results extracted for comparison with DUE and BUE.  

 

6.2.3. BUE, DUE, AND SUE: A COMPARISON  

 

Although the difference between the behavioral assumptions of the BUE, DUE, and SUE 

is obvious, it is hard to conjecture the difference between their respective equilibrium 
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traffic patterns. In this sub-section, a side-to-side comparison of the three user equilibria 

and the observed traffic counts is conducted on the Twin Cities network.  

 

In order to compare the convergence properties of the three user equilibrium models, a 

common measure of convergence is in order. Although the relative gap is a common 

indicator of convergence for DUE, it is not suitable for evaluating BUE and SUE because 

these two models do not require the relative gap to approach zero by definition. A 

diminishing flow difference on a link between two consecutive iterations implies 

progress toward equilibrium. When the flow difference is averaged over all links, a 

system-level convergence measure applicable to all three models is obtained (see Figure 

6.15). Convergence properties of SUE depend on the value of the scale parameter of the 

discrete choice model. In addition to the default scale parameter (0.2), SUE convergence 

with a larger (1.0 which implies smaller perception differences and slower convergence) 

and a smaller scale parameter (0.1 which implies larger perception difference and faster 

convergence) is also tested. The BUE convergence speed is affected by the search cost 

distribution. A group of travelers with lower perceived search cost tend to search more 

alterative routes and cause a slower equilibration process. Higher variation of perceived 

search costs among travelers results in faster convergence initially but slower 

convergence later on.  In addition to the search cost distribution empirically derived in 

Section 4.3.2, two of its variants are also considered, one with the same mean and 

doubled standard deviation and the other with one half of the standard deviation.  

 

On the Twin Cities network, we can observe that the DUE model effectively reduces 

flow fluctuations earlier in the convergence process. However, it takes much longer for 

the DUE model to further reduce flow discrepancies than the SUE and BUE models. For 

the DUE model to achieve an average flow difference smaller than one vehicle per hours, 
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several days of running time is required. The SUE model actually converges faster than 

the DUE model when a more rigorous convergence criterion is considered. But it is 

evident for both DUE and SUE that marginal computational cost required to reduce the 

flow difference by a certain percentage increases non-linearly.  
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Figure 6.15. Converge of Three User Equilibrium Models 

 

A quite different convergence pattern exists for the BUE model. As more and more 

travelers stop searching for new routes and become satisfied with their existing routes, it 

becomes easier for the remaining searchers to find an acceptable route because the 

system becomes less volatile. Within two-hours of running time, flow difference between 

consecutive iterations becomes zero on all links and the true BUE flows can be found. It 

should be noted that the BUE flows depend on the random seed selected and multiple 

runs (five to ten depending on applications as discussed in Section 6.1.6) are usually 
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required. However, even with ten runs, solving for the BUE is still computationally less 

expensive than solving for DUE or SUE to a similar level of accuracy.   

 

When the level of congestion predicted by the three models is compared (See Figure 

6.16), some unexpected results are obtained. A traveler under the DUE assumptions is 

obviously more informed and knowledgeable than a traveler under the SUE assumptions 

which consider perception biases. An intuitive hypothesis would be that link flows are 

consistently higher for SUE than DUE. However, results show that link flows and levels 

of congestion on many routes are actually lower for SUE than DUE. Another interesting 

finding is that for SUE, although volume/capacity ratios are in general smaller, there are 

more links with very high level of congestion than under DUE as seen on the tails of the 

curves on the right hand side of Figure 6.16 (volume/capacity ratios > 1.8).  In other 

words, there is a more uneven distribution of congestion for SUE than DUE. There are 

more “hyper-congested” links for SUE than DUE. The high levels of congestion on some 

links at SUE cause the total system travel time at SUE (0.254 million hours per peak 

hour) to be significantly higher than that at DUE (0.211 million hours). 
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Figure 6.16. Estimated Distributions of Link Volume Capacity Ratios 

 

Earlier in this chapter, we discussed the significant excess cost (18% average relative 

excess cost) at BUE because in the positive model travelers have incomplete information, 

and rely heavily on heuristics. This leads to the hypothesis that the BUE flows will be 

significantly higher than the DUE flows because at DUE travelers do not encounter 

excess travel cost by definition. This hypothesis is partially corroborated by the results. 

Total system travel time at BUE (0.218 million hours) is higher than that at DUE (0.211 

million hours), but only about 3% higher. The difference in total travel time is much 

smaller than the average relative excess at BUE. The only possible explanation is that 

travel costs on the best routes at BUE are lower than those at DUE. What happened at 

BUE is that although most travelers cannot find the best routes, some stop search and use 

inferior but satisfactory routes, which inadvertently benefit other travelers by enabling 

them to travel more efficiently because over-crowdedness on the optimal route is 
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somewhat reduced. An in-depth discussion on this point is presented in Section 6.2.4. 

This finding also has an important implication on route guidance and advanced traveler 

information systems. The difference of total system travel time between BUE and DUE 

suggests that even if the guidance or information systems provide perfect information to 

travelers, the total system travel time would decrease by no more than 3%. Of course, this 

result holds only for the case of recurrent congestion.  The benefit of route guidance and 

traveler information systems should be higher in case of non-recurrent congestion.  

  

The distribution of the volume/capacity ratios for BUE is similar to the DUE distribution 

in the uncongested and moderately congested (<1.8), but similar to the SUE distribution 

in the heavily congested region. The finding that for BUE and SUE there exist more links 

with very heavy congestion than that for DUE may be interpreted by travelers’ sensitivity 

to congestion. When the assumptions for DUE such as perfection information, unbiased 

perception, and no search or decision cost are relaxed (though much more relaxed at BUE 

than at SUE), travelers in the models become less sensitive to congestion because they 

either do not perceive the congestion as worse as it actually is, or because they are more 

reluctant to search for better routes due to search and decision costs. The implication of 

these results on travel demand forecasting is that models with DUE as the traffic 

assignment mechanism could underestimate total system travel time by a significant 

percentage, and the degree of the underestimation of congestion is especially large on the 

most congested links.  

  

The incremental DUE-I approximation algorithm produce flow estimates lower than 

flows at DUE, SUE or BUE on links with all levels of congestion. It is therefore 

recommended that such approximation should always be avoided.  
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Figure 6.17 plots the estimated link flows at various user equilibria. The coefficients of 

correlation between flows at different equilibria are shown in Table 6.1.  We can observe 

that the BUE and DUE flows are similar on many links, while the significant variation of 

data points around the 45 degree line suggests that there is still notable flow difference 

between the two equilibria.  The underestimation of flows at DUE-I is again obvious in 

the graph on the upper right corner. The lower two dot plots exhibit some systematic 

estimation discrepancies on high-flow links between SUE and the other two user 

equilibria. The observation that the data points are greatly dispersed along the 45-degree 

lines suggests the needs for further research on whether and how practical planning and 

policy decisions depend on the assumptions of route choice behavior.  

 

 

Table 6.1. Correlation Coefficients between Flows at Different Equilibria 

Correlation Coefficients BUE Flow DUE Flow DUE-I Flow SUE Flow 

BUE Flow 1 0.92 0.87 0.82 

DUE Flow    1 0.91 0.86 

DUE-I Flow   1 0.85 

SUE Flow    1 
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Figure 6.17. Comparison of Estimated Flows at BUE, DUE, and SUE 

 

Since the route searching rules derived in Chapter 4 suggest that travelers tend to first 

consider routes with higher percentages of freeway travel ceteris paribus. This empirical 

evidence might lead to the hypothesis that the BUE predicts more travel on freeways than 

travel time along would predict. However, a comparison of estimate flows on freeway 

links does not corroborate this hypothesis (see Figure 6.18). Freeway flows are not 
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systematically different for DUE and BUE. SUE actually predicted higher flows on 

heavily-used links than BUE. This is because there are enough number of travelers under 

BUE who respond to congestion on freeway links by switching to lower cost alternative 

routes. The finding that individuals are more aware of major roads does not necessarily 

indicate higher flows on major roads at the aggregate level.       
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Figure 6.18. Comparison of Estimated Freeway Flows at BUE, DUE, and SUE 

 

We also compare the predictive accuracy of the route choice models using the observed 

flow data (see Figure 6.19). Again, the limitation of this type of comparisons as 

documented in Section 6.1.5 should be kept in mind.  None of the four tested route 

assignment models seems to perfectly match the observed flow data. It appears the BUE 

and DUE flows are closer to the observed flows, while data points in the SUE graph are 

more dispersed and deviate more from the 45-degree line. Numerical regression results 

are consistent with the visual observations. The regression models shown in Table 6.2 

take the observed flow as the dependent variable and predicted flows as predictors with 

and without constant terms. The BUE model (R2 = 0.53) explains slightly more variation 
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of flows than the DUE model (R2 = 0.52), and both have better predictive accuracy than 

the SUE model (R2 = 0.46).  
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Figure 6.19. Comparison of Estimated Flows at BUE, DUE, and SUE
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Table 6.2. Link Flow Goodness-of-Fit of Different Route Choice Equilibria 

Regression with Constant Regression without Constant Observed Flow 

= A + B⋅X A B R2 A B R2 

X: BUE Flow 209 1.09 0.53 NA 1.12 0.53 

X: DUE Flow -193 1.15 0.52 NA 1.12 0.52 

X: DUE-I Flow 49 1.50 0.51 NA 1.52 0.51 

X: SUE Flow 1671 0.84 0.46 NA 1.11 0.40 

 

 

6.2.4. A BEHAVIORAL VIEW ON SOCIALLY OPTIMAL ROUTE ASSIGNMENT  

 

In the socially optimal (SO) case, travelers choose routes such that the total system travel 

cost is minimized. This route assignment principle clearly has efficiency advantage, but 

causes equity concerns. In order to most efficiently use the network, some travelers use 

individually inferior routes so that others enjoy the best routes connecting the same 

origin-destination pairs. With DUE, system-level efficiency is lower, but equity is 

maximized in a sense as all travelers are assumed to engage in the same perfect-

information and non-cooperative route choice game. With SUE, the same game is played 

with perception errors. With BUE, travelers have limited information, consider search 

and decision costs, and employ heuristic rules.  

 

Findings in the previous section reveal that the DUE assignment creates a traffic pattern 

on the Twin Cities network with the total system travel time closest to the SO assignment 

(DUE 0.211 million hours; SUE 0.254; BUE 0.218). However, we should be aware of the 

dependence of the BUE traffic pattern on the distribution of perceived search costs. 
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Although many travelers in the behavioral route choice model could not find the 

theoretically best routes due to limited knowledge, search cost, search heuristics, and 

non-optimal decisions, they may at the same time allow other travelers to travel more 

efficiently.  Those who have higher perceived search costs tend to stop search early and 

probably use the prominent routes with high percentages of travel on the basic network. 

Those with lower perceived search costs are more likely to find better alternative routes 

with additional search efforts. There may exist one or more socially optimal distributions 

of perceived search costs with which the total system travel time is minimized (but of 

course still higher than the socially optimal time).  

 

This is not merely a theoretical issue. The emergence and growing popularity of route 

guidance systems and advanced traveler information systems effectively reduce search 

costs for many travelers. It is hard to reject the tempting goal of helping users and 

improving system performance at the same time.  The optimal distribution of search costs 

that corresponds to the minimum travel time may differ from city to city. The concept of 

minimizing system travel time with the optimal distribution of search cost is significantly 

different from the traditional SO principle. At BUE where search costs are considered, 

individual travelers still make their own route choice decisions based on learned 

information and heuristic rules. In a sense, they may “voluntarily” generate a traffic 

pattern that is also desirable from the system perspective. In order to test this hypothesis, 

the BUE flows are solved again using the positive route choice model with a different 

search cost distribution. Compared with the empirically derived search cost distribution, 

this hypothetical distribution has the same mean, but quadrupled variance. The total 

system travel time at the new BUE is 0.187 million hours, 11% lower than the DUE total 

travel time. The problem of finding the optimal search cost distribution is a stochastic 
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optimization problem without an identifiable closed-form objective function. In addition, 

the evaluation of the objective is computationally expensive.  

 

With the SILK theory that decomposes the search and decision process with regard to 

travel choices, there also exists a broader view on the socially optimal traffic assignment 

problem. Under normative assumptions, the travel costs travelers incur are time and 

monetary expenditures devoted to the actual physical travel. The SILK theory suggests 

travelers also take into account search and decision costs. Therefore, the total system cost 

under positive assumptions should be the sum of travel cost, search cost, and decision 

cost. The empirical findings in Chapter 4 that the perceived search cost constitutes on 

average 11% of actual travel cost (see Figure 4.2) suggests the perceived search and 

decision cost is a significant part of the total system cost.            
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CHAPTER 7. MODEL APPLICATOIN: TRAFFIC  

      DYNAMICS AFTER A SHOCK   

 

 

Based on the results in the previous chapter, we further test the agent-based positive route 

choice model and demonstrate its features. In the rational planning process and policy 

analysis, an important step is to evaluate multiple alternatives. Many transportation 

planning and operations problems require analysts to assess the impacts of a proposed 

policy, a new control system, or a capacity expansion project. In these scenarios, it is 

necessary to estimate the performance of the transportation system before and after the 

proposed actions. When a new policy, technology, or facility is deployed, the 

transportation system displays a series of supply- and demand-side ripple effects. If we 

assume the system before the change is at an equilibrium, the system can be said to 

experience a re-equilibration process immediately after the deployment.  

 

In this chapter, we introduce a shock to the BUE equilibrium obtained in the previous 

chapter on the Twin Cities network. The shock is caused by the freeway ramp metering 

system in the Twin Cities metropolitan area. In Fall 2000, more than 400 ramp meters 

were turned off for two months for an assessment of their effectiveness. This leads to 

changes of effective capacity on many freeway mainline and on-ramp links. Travelers 

respond to these system changes by adjusting their behavior and a new BUE equilibrium 

is reached after a certain period of time. The positive route choice model is applied to 

estimate variable system-level statistics and traffic dynamics during the re-equilibration 

process and at the new BUE. The impacts of the shock on individual travelers will also be 

discussed using the model results.    
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This chapter is organized as follows. Section 7.1 introduces the history and features of the 

ramp metering system in the Twin Cities.  Section 7.2 models the supply-side impact of 

ramp meters on the Twin Cities road network. Section 7.3 summarizes the estimated 

demand responses based on the behavioral route choice model. Sections 7.4 and 7.5 

interpret the estimated impacts at the system, link, and individual traveler levels. Finally, 

the issue of spatial equity is discussed in Section 7.6. The discussion in Section 7.7 

focuses on some results that can only be obtained through the positive approach.   

 

7.1. Ramp Meters in the Twin Cities  

 

The Minnesota Department of Transportation (MnDOT) first installed meters in 1969 on 

entrance ramps to I-35E at Maryland Avenue and Wheelock Parkway in St. Paul. 

Additional ramps were brought into service on the same freeway (MnDOT 2002). 

Observed improvements in traffic flow, higher speeds and fewer accidents led to more 

ramp-meters in 1971. In Minneapolis, metering began on I-35W through south 

Minneapolis in 1970, followed by meters near the Lowry Hill tunnel on I-94. In 1972, 

MnDOT built a Traffic Management Center (TMC) in downtown Minneapolis to house 

the equipment and staff necessary for expanded metering. Over time, metering was added 

on nearly every entrance to the I-494/I-694 beltway, except on the metro area's east side, 

and on most highways inside the I-494/I-694 ring. In the 1990s MnDOT adopted a policy 

favoring metering over capacity expansion in the Twin Cities area, primarily on a cost-

effectiveness basis, as well as the belief that meters were easier to implement politically 

than new roads. By 2000, there were 443 meters, mostly controlled in real-time by the 

MnDOT TMC.  
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MnDOT operated ramp meters before the shut-off experiment under a zonal control 

strategy that divided freeways into zones terminating at bottlenecks. The number of 

vehicles in each zone at a given time was constrained by the capacity of the bottleneck. 

Ramp metering was used to limit those vehicles. The metering zone equation can be 

expressed as: 

UASBXFM −−++=+        (7.1) 

s.t. Incident override; Occupancy control 

Where: 

M  sum of metered local access ramp flows (controlled variable); 

F sum of metered freeway-to-freeway ramp flows (controlled variable); 

X sum of exit ramp flows (measured variables); 

B downstream bottleneck flow at capacity (constant); 

S space available within the zone (flow based on a measured variable). 

A  upstream mainline flow (measured variable); 

U sum of unmetered entrance ramp flows (measured variable); 

 

Any measured variation in (X + B + S – A – U) is equaled by a controlled variation in (M 

+ F).  Each individual variable in the zone equation (7.1), except S (set to be zero 

indicating no available space in the zone), is assigned a one-hour flow derived from 

historical detector data. When these historical flows are placed in equation (7.1), an exact 

balance may not appear. For this reason, a minor adjustment to the incoming flow (A) is 

made to balance the new equation and the values in this balanced equation (7.2) are the 

target flows: 

 TTTTTTT UASBXFM −−++=+      (7.2) 

Where: 
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T subscript indicating target flows; 

ST set to zero. 

 

Each metered ramp is assigned six metering rate factors. On local access ramps, these 

rates over a 5-min time period range from 0.5 to 1.5 (0.5, 0.7, 0.9, 1.1, 1.3 and 1.5) and 

on freeway-to-freeway ramps, from 0.75 to 1.25 (0.75, 0.85, 0.95, 1.05, 1.15, 1.25). The 

narrower range for freeway-to-freeway ramps reflects the fact that these ramps carry 

much higher flows and a smaller percentage change provides the desired numerical flow 

change. The control variable (M + F) is then expressed as the products of the target flows 

and metering rate factors. For example, at the most restrictive rate factor (rate 6), M = 

0.5MT and F = 0.75FT. The selection of which one of the six rate factors to use for a 

metering zone is then determined by a comparison of the real-time measured variables (X 

+ B + S – A – U) to a series of thresholds. For instance, if 0.6MT + 0.8FT  < (X + B + S – 

A – U) < 0.8MT + 0.9FT, rate 5 will be used. At rate 5, M = 0.7MT and F = 0.85FT.  This 

rate is referred to as the flow rate because it is supported to prevent over-capacity flow at 

the bottleneck in the zone. The flow rate is not necessarily the final rate. The flow rate is 

still subject to incident override and occupancy control. Additional details on the 

Minnesota zonal algorithm, are available in MnDOT (1996, 1998), Bogenberger and May 

(1999), and Levinson and Zhang (2005). 

 

Ramp meters began to assume an increasingly important role in the freeway management 

of the Twin Cities. Initially, meter installation did not draw political attention or spark 

public policy debates because it was seen to have helped smooth congestion without 

major inconvenience to drivers. Only in recent years, with congestion increasing and 

meter waits stretching beyond the level of driver acceptability (some waits in excess of 

20 minutes), have drivers and legislators begun to question the meters' value, believing at 
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best that the system was inefficiently managed by MnDOT. A Transportation Finance 

Bill passed both houses of the Minnesota state legislature in May 2000, increasing 

spending on roads and bridges, and including a provision for a month long “Ramp meter 

holiday” slated to take place in October 2000. MnDOT extended the study to two months.  

 

7.2. Modeling Capacity Impacts of Ramp Metering  

 

While the Twin Cities ramp metering experiment turned off meters for two months, a 

scenario where ramp meters are turned on is tested. This should make it easier to interpret 

the results, which are the impacts of ramp meters, instead of the impacts of having no 

meters.  

 

The Minnesota zonal algorithm before the experiment limits the access of on-ramps in 

individual zones according to the available capacity at bottlenecks that also define these 

zones. When ramp meters with such an algorithm are deployed on the road network, the 

effective capacity at on-ramps will be obviously reduced. Whether or not capacity on the 

freeway mainline sections will increase is a more difficult question. Previous empirical 

findings at 27 freeway bottlenecks in the Twin Cities (Zhang and Levinson 2004b,c) 

suggest that ramp metering increases the capacity of active bottlenecks by 3% on average 

and up to 12%.  Those findings are adopted in this research and it is assumed that 

capacity increases by 3% on all metered freeway bottlenecks. The locations of the 

bottlenecks are consistent with those specified by the MnDOT for the actual ramp 

metering algorithm. A more elaborate method would consider possible variation in 

capacity increase at different bottlenecks due to ramp metering. However, a quantitative 
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relation between the amount of capacity increase and bottleneck characteristics has yet to 

be identified (Zhang and Levinson 2005c).  

 

Since metering rates are adjusted in real time in response to the changing traffic 

conditions, the effective capacity of on-ramp links also changes in real time. Considering 

the 30-second metering cycle in the Twin Cities, the effective capacity of an on-ramp 

may shift as many as 120 times within an hour. The behavioral route choice model in its 

present form is combined with a standard BPR travel time function, which does not 

support dynamic route assignment or traffic simulation. It is therefore necessary to derive 

the effective hourly capacity of on-ramp links when meters are on. As described in the 

previous sub-section, the Minnesota zonal algorithm attempts to balance the waiting time 

at on-ramps within a specific zone by equalizing volume-capacity ratios. For instance, if 

the available capacity at a bottleneck is 500 veh/hr and there are four on-ramps within the 

zone upstream of the bottleneck with historical hourly demand of 100, 200, 300, and 400 

veh/hr respectively, the effective capacity on these four on-ramps with ramp meters 

would be 50, 100, 150, and 200 veh/hr such that the volume capacity ratios at these on-

ramps are all 0.5. According to this method, the effective capacity with ramp meters can 

be determined for each metered on-ramp link. The equation is given below: 

 ( )TTTTI

i i

i
i UAXB

D
DEC −−+⋅=

∑ =1

      (7.3) 

 where 

 ECi Effective capacity of on-ramp i 

 I total number of metered on-ramp in the zone 

 Di hourly flow at metered on-ramp i 

   



167 

The finally effective capacity at on-ramps with meters is, however, the larger of the 

following two values: (1) the effective capacity based on the metering algorithm and 

Equation 6.1; (2) the most restrictive ramp metering rates set for individual ramps (50% 

of historical volumes for local access on-ramps and 75% of historical volumes for 

freeway-to-freeway ramps).  

 

In summary, when ramp meters are turned on, the supply-side impacts are the increase of 

effective capacity on freeway mainline sections and the decrease of effective capacity at 

on-ramps. These capacity changes then lead to travel cost changes for individual 

travelers, causing demand-side ripple effects analyzed in the following section.  

 

7.3. Traffic Re-Equilibration  

 

In response to travel cost changes, travelers with low perceived search cost and travelers 

who are hurt the most start searching for new routes and switch to alternative routes 

immediately after ramp meters are deployed. These behavioral changes cause further 

changes in travel costs on links other than the metered on-ramps and freeway mainline 

sections, which can trigger ripple effects among travelers. But as long as the total system 

demand is fixed, over time travelers either stay on the old routes or use some new routes, 

and a new Behavioral User Equilibrium (BUE) will be reached due to the existence of 

BUE discussed in Section 5.2.  The total numbers of travelers searching for new routes 

and changing routes during the re-equilibration process are plotted in Figure 7.1 

separately. Iteration 1 represents the old BUE without ramp meters obtained in Section 

6.1. At the end of Iteration 1, ramp meters are installed and the capacity of metered 

freeway bottlenecks and on-ramps changes. Of the 594,000 travelers commuting during 
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the studied peak hour, only about 13,000 (2.27%) have changed routes, and about 2,000 

(0.4%) have searched for new routes after the deployment of ramp meters on more than 

60% of freeways in the Twin Cities. Obviously, some travelers simply switch back to 

routes they used before without searching for new routes (13 > 2).  These results suggest 

that the impact of ramp meters on route choice is evident but probably not very 

significant, as only a small number of travelers actually adjust their route choice 

behavior.  

 

The ripple effect is also shown in the graph. In the iteration immediately following the 

event, as many as 3,300 travelers change routes. Their route switching behavior causes 

2,500 travelers to change routes in the second iterations, which further causes travelers to 

change routes in later iterations. This chaining effect stops until the new BUE is reached 

after 46 iterations. Again, if we assume that travelers use their routes once a day and five 

days a week, the convergence results indicate that it takes a little longer than nine weeks 

for the system to re-equilibrate.  Before and after studies comparing the old and new 

traffic equilibria should use data collected nine weeks after the event. In most cases, it is 

probably acceptable to use data collected three weeks after the change because most route 

search and switching activities occur in the first fifteen iterations. For the same reason, 

the following graphs on convergence properties will only show various statistics in the 

first fifteen iterations. A previous empirical study analyzing actual traffic data before and 

after the Twin Cities ramp metering shut-off experiment found similar results on the re-

equilibration of traffic (Levinson and Sheikh 2002).  
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Figure 7.1. Traffic Re-Equilibration after Ramp Meters are Deployed in Iteration 1 

 

 

Flows on several sample links during the re-equilibration process are illustrated in Figure 

7.2. The sample links include freeway mainline, on-ramp, and local arterial links. They 

are the links with the largest flow changes in their respective groups. Two observations 

are worth noting. First, flows converge smoothly on all five sample links. This is 

different from the link convergence properties found in Section 6.1 where flow 

oscillations are significant. The difference is attributed to the warm-up period. When the 

old BUE without ramp meters is simulated in Section 6.1, the agent-based simulation 

model starts from an empty network and all travelers start their route search at the same 

time. This initial condition is obviously not realistic and causes some unrealistic link flow 

oscillations. In contrast, the re-equilibration process simulated in this section starts from 

the old BUE at which individual travelers already have some reasonable and different 
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behavioral histories. In the real world, travelers usually do not switch to one route 

together one day and to another route the next day. Individual differences in spatial 

knowledge, belief, learning, and perceived search costs tend to smooth out the re-

equilibration process after a shock in the system.  But major flow oscillations may still 

occur when a centralized agent disseminates route information to all travelers at the same 

time.  Extending the proposed positive model to include such an information agent would 

allow the model to estimate the impact of advanced traveler information systems. The 

second observation in Figure 7.2 is that flows can increase and decrease on all types of 

links. Not all freeway mainline links see reduced flows after ramp meters are deployed, 

nor are increased flows observed on all arterial links. Premature conclusions at the system 

level, such as “ramp meters worsen congestion on arterial links” or “ramp meters relieve 

freeway congestion”, should be avoided. 
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Figure 7.2. Convergence of Link Flows with Ramp Meters 
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The convergence of link travel costs in Figure 7.3 exhibits the same trend as the link flow 

convergence. The cost curves are also smoother than those in Figure 6.5. Travel costs at 

on-ramp links increase significantly with ramp meters for obvious reasons. At one ramp, 

travel time increases from 2 minutes to more than 7 minutes.  Travel times on the two 

metered freeway mainline sections plotted in the graph decrease. Travel times on the two 

plotted arterial links increase. However, this is not universally true, as we shall see later 

in this section.  
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Figure 7.3. Convergence of Link Costs with Ramp Meters 

 

After the meters are installed, certain travelers search for new routes and switch routes in 

order to reduce their individual travel costs. Their behavior collectively affects the total 

system travel cost. When the total system travel time is analyzed using results from the 
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positive model (see Figure 7.4), we found that these individual behavioral adjustments 

actually cause the total system travel time to increase steadily over time. The total travel 

time of the BUE with meters is 2% higher than that of the BUE without ramp meters. 

Since the route search and switching rules state that travelers change routes only when 

there is a significant cost saving. This result on system performance indicates that some 

travelers benefit from ramp metering at the expense of others. This equity issue will be 

discussed in detail at the individual and zone level in later sections.  
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Figure 7.4. Convergence of Total System Travel Time 

 

 

7.4. Impacts at the Link Level  
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Although a Pareto optimal system change in which users either benefit or stay unaffected 

is a very attractive proposition, almost all practical policies, control systems, and even 

capacity expansions create winners and losers. In addition to estimating system-wide 

efficiency impacts, identifying who wins or loses and by how much should be a 

paramount objective of systems analysis. This sub-section identifies links that benefit and 

links that are hurt when ramp meters are deployed.  

 

Figure 7.5 illustrates flow changes on different types of links. Links with less than 1% 

flow changes are not included in the graph. Many freeway links see reduced flows with 

ramp meters. Those are mostly links downstream of on-ramps with restrictive metering 

rates. However, a number of freeway mainline links have increased flows. In most cases, 

these are unmetered freeway links that serve as alternatives to metered freeways, or 

unmetered freeway links that feed downstream metered freeway links, or metered 

freeway links with an upstream bottleneck where capacity is improved with ramp meters. 

If the objective is to mitigate freeway congestion, ramp metering will only result in a 

partial victory as some bottlenecks are relieved and new ones created elsewhere in the 

network.  
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Figure 7.5. Histogram of Link Flow Changes with Ramp Meters 

 

When the flow changes on arterial links are examined, a similar conclusion can be drawn. 

Ramp metering does not worsen traffic conditions on arterial links universally. Network 

effects (i.e. substitutability and complementarity) cause some arterial links to benefit and 

some to loose. In order to identify the impacts of ramp meters on individual roadways, it 

is necessary to take a systems approach and consider all major substitutional and 

complimentary effects in the network. Considering only the metered freeway mainline 

sections ignores all network effects and route diversion. Considering the metered corridor 

captures some substitutional effects, but still fails to include any complementary effects. 

This conclusion is not limited to ramp metering, and probably holds for many other types 

of design and evaluation studies. The consequence of ignoring network effects, however, 

is expected to vary case by case.  
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Without much surprise, flows on most on-ramps decrease. Flows increase only at 28 on-

ramps of which most are just outside of the metering boundary. Some travelers use these 

un-metered on-ramps to bypass ramp delay.   

 

Figure 7.6 portrays the link travel cost changes with ramp meters. Links that change less 

than 1% in travel cost are not considered. The results are consistent with those of link 

flow changes. Travel time decreases on most freeway mainline links. Many arterial links 

see increased travel time, while some benefit with reduced travel cost. At most on-ramps, 

travel time increases between two to four minutes.  
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Figure 7.6. Histogram of Link Travel Time Changes with Ramp Meters 

 



176 

7.5. Impacts on Individual Travelers  

 

In addition to improved behavioral realism, another advantage of the positive approach 

and the agent-based route choice model is the ability to track each individual’s decision-

making process, which makes it possible to ascertain the impact of a specific system 

change on each individual user. It is now possible to learn how many are affected, how 

they are affected, who they are, and where they are all at the individual level. For the 

Twin Cities road system with about 594,000 travelers in a peak hour, the output from the 

proposed route choice model is actually a database with 594,000 individual records. Each 

record corresponds to a user and documents the user’s personal characteristics, location, 

knowledge, belief, behavioral history, previous and current travel costs, routes etc.. 

Analysts can directly use these results for design, planning, and policy analysis, or choose 

to aggregate these results to any level along any dimension they prefer.    

 

In Figure 7.7, results are aggregated based on the length of trips that individuals travel. It 

is evident that short trips are more likely to be hurt by ramp meters than long trips. This 

finding is consistent with results in a previous empirical study considering only the 

freeway mainline (Levinson and Zhang 2005). When ramp meters are on, travel time 

savings (if any) on the freeway mainline cannot compensate for the additional ramp 

waiting time for many short trips. Although the trips using arterials are also included in 

this analysis, the different impacts on trips with different lengths are still obvious in the 

graph. 
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Figure 7.7. Impact of Ramp Metering on Trips with Different Length 

 

Impacts of ramp meters at the individual level are shown in Figure 7.8. Although only 

2% of travelers change routes when meters are on, a much larger number of travelers are 

affected by ramp meters. In fact, 23% of travelers incur travel time changes in excess of 

one minute. The equity issue with ramp metering is obvious in the graph as some 

travelers sacrifice for the sake of others’ benefits. Figure 7.8 summarizes the results by 

the amount of travel time changes. It is also possible to plot the locations of individual 

travelers who are affected the most. If social-economic and demographic data are 

available at the individual level, impacts of ramp metering can also be explored for 

different income groups, age groups, gender groups, etc.  

     



178 

0

20000

40000

60000

80000

100000

120000

140000

160000

>4 4 3 2 1 -1 -2 -3 -4 <-4

Travel Cost Change (min)

Num. of Travelers

 

Figure 7.8. Impact of Ramp Metering on Individual Travelers 

 

7.6. Impacts on Spatial Equity  

 

The spatial inequity of ramp meters has been previously discussed (Levinson and Zhang 

2005). Many believe that ramp meters could exacerbate urban sprawl by encouraging 

long freeway travel. We examine the number of winners and the number of losers in each 

traffic analysis zone to assess the spatial equity of ramp meters. If the same number of 

travelers wins and loses in all zones, a perfect spatial equity is present. If travelers in 

some zones all benefit while travelers in some other zones are all hurt, a perfect spatial 

inequity exists. Figure 7.9 displays the degree of spatial inequity graphically. If all dots 

with each corresponding to a zone centers around the 45 degree line, it indicates a perfect 

spatial equity. However, if all dots align with the two axes, a perfect spatial inequity is 
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evident. The actual results clearly suggest that there is a serious spatial inequity issue 

with ramp meters. There are many locations where the majority of travelers either benefit 

or are hurt.  
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Figure 7.9. Spatial Inequity of Ramp Metering at the Zone Level 

 

In order to find which zones are affected the most, we draw the ten zones with the largest 

number of winners and the ten zones with the largest number of losers in Figure 7.10. 

The impact of ramp meters at the zone level depends much on the actual land use 

patterns, the network layout, and the metering boundary, but not so much on the distance 

to the city centers. There is no clear indication that zones closer to the city centers are 

more likely to be hurt while suburban areas are more likely to benefit. Many of the 

benefiting zones are located just outside of the metering system or along unmetered 

freeways. Among the ten zones hurt the most, several are in the suburbs.  
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Figure 7.10. Traffic Analysis Zones that Benefit (Green) or Are Hurt (Red) the Most 

 

7.7. Discussion 

 

When ramp meters cause capacity changes on freeway mainline sections and entrance 

ramps, the positive route choice model reveals how system users adjust their route choice 
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behavior individually, simulates the evolution of the system toward a new BUE, and 

estimates that the total system time will increase by 0.3% from 0.2179 to 0.2184 million 

vehicle hours.  However, when the DUE is used as the route choice principle, a different 

conclusion is drawn. After computing DUE flows and total system travel times on the 

Twin Cities network with and without ramp meters, it is found that ramp metering results 

in a 2% reduction of travel time from 0.211 to 0.206 million vehicle hours for the system 

as a whole.  The finding that DUE overestimates the benefits of ramp meters in this case 

study when compared to BUE, is expected and can be explained by the difference 

between their underlying behavioral assumptions. 

 

The perfectly rational users with complete information under DUE respond to even an 

infinitesimal change in travel time. When the effective capacity shifts on freeway 

mainline sections and entrance ramp, DUE predicts that users will change routes 

accordingly until all used routes again have equal travel time. In contrast, the proposed 

positive model and the SILK theory suggests that travelers as a whole may not take full 

advantage of the ramp metering system because: (1) Users whose travel conditions are 

slightly worsened by ramp meters may not search for alternative routes to mitigate the 

adverse impact; (2) Users whose travel conditions could have been improved by ramp 

metering may not switch to new better routes due to historical dependencies and the 

biased preference toward current routes. According to the BUE results presented in the 

previous sections, although more than 23% of travelers experience travel time increases 

in excess of one minute, only 2% of travelers decide to change routes. The actually 

number of traveler who change routes under DUE can not be determined due to its more 

aggregate nature. But in theory, a lot more than 2% of travelers would have to change 

routes to achieve the new DUE.  
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This case study analyzing the impacts of ramp metering already demonstrates that 

different behavioral assumptions could produce opposing recommendations for policy 

decisions. Future research may systematically explore the implications of the proposed 

positive modeling approach on a range of policy issues.  

 

The application on the Twin Cities network also showcases some useful results that are 

only obtainable using the positive approach. The positive approach recognizes the 

evolutionary nature of system changes, which makes the route choice model capable of 

replicating the complete re-equilibration process in addition to computing the old and 

new Behavioral User Equilibria, as shown in Figures 7.1 and 7.4. This information is 

important in at least three aspects: (1) it reveals the duration of the re-equilibration 

process which is valuable for the design of before and after studies; (2) it predicts 

potential problems that could emerge during the system re-equilibration process; (3) it 

estimates system performance during the transition period which is necessary when 

policy decisions cause long-term consequences.    

 

The positive approach also allows for the consideration of historical dependencies in 

travel behavior and demand. Individuals’ route knowledge, experience, and search 

behavior before the deployment of ramp meters affect their behavior after the 

deployment. Normative models and equilibrium analysis are usually not satisfactory 

when historical dependencies play a major role in the system. The positive approach 

tracks the decision-making process of each individual, which provides results with 

increased details for impact and policy analysis, as seen in Sections 7.5 and 7.6. Finally, 

the disaggregate structure of positive models enables coherent integration with other 

microscopic models. For instance, route choice decisions at the individual level can be 

directly incorporated into a microscopic traffic simulator for traffic impact studies.    
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CHAPTER 8. CONCLUSIONS 

 

 

The development of more sophisticated and more capable travel demand models is a 

constant theme in transportation systems research. However, comprehensive discussions 

on what constitutes a good travel demand model are rare. It is probably overoptimistic to 

claim that modelers have agreed upon this fundamental issue. This has surprisingly made 

concluding this research a somewhat challenging task. Behaviorists believe that a good 

demand model should foremost adopt reasonable and empirically verifiable assumptions 

of individual behavior, and emphasize behavioral realism in model development. 

Mathematicians and operations researchers stress model rigorousness, which means once 

a set of behavioral assumptions are adopted, an unambiguous and preferably unique 

demand pattern can be mathematically derived or solved by an algorithm.  Pragmatists 

question the usefulness and practicality of demand models, which include issues such as 

data availability, development cost, ease of model maintenance, and model adaptability. 

Statisticians are more interested in the goodness-of-fit, or expected predictive accuracy of 

demand models.   Economists and policy analysts evaluate demand models based on their 

policy sensitivity, which is the ability to show consequences of alternative supply, 

management, pricing, investment, and ownership policies, and the ability to provide 

meaningful recommendations for actions.      

 

These five objectives, behavioral realism, rigorousness, predictive accuracy, practicality, 

and policy sensitivity, may not be achieved simultaneously. A modeler’s work therefore 

involves an artistic part, which is to identify a balance among these objectives given the 

problem in hand. The positive approach developed in this dissertation research is 

motivated by the goal of improving the behavioral realism of travel behavior and demand 
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analysis. The SILK theory is superior to utility maximization with more realistic 

behavioral assumptions, such as incomplete information, belief updating, learning, search 

process, and heuristic decision rules. The SILK theory also provides a quantitative 

framework for developing positive demand models based on empirical evidence and data, 

which ensures that the modeling process in the positive approach will be reasonably 

rigorous in that no arbitrary conjectures will be used in model development without 

proper empirical justification. The combination of knowledge acquisition and agent-

based methods yields a modeling methodology for deriving demand patterns from 

individual behavior.  The estimation of individual behavioral rules, the collection of 

process data, and applications of the positive model on the Twin Cities network in 

various chapters of this dissertation demonstrate that the proposed positive approach is 

practical. However, it is expected that more data, especially process data, are required for 

developing positive models. Some solutions to this issue, such as the use of advanced 

information technology, are presented in this research.  The predictive accuracy of the 

proposed behavioral route choice model is actually better than normative models 

according to comparisons with observed traffic counts, although this is an area where 

future research is necessary on different networks and in different application scenarios. 

Future research should also examine the policy sensitivity of the proposed positive 

approach in practice. But from a theoretical perspective, the positive approach should be 

able to do what the normative approach is capable of doing.   

 

The following summaries and conclusions should be considered with the above five 

modeling objectives in mind, and with the understanding of the complexity of travel 

behavior and demand analysis. The remainder of this chapter begins by summarizing 

research efforts and findings of the dissertation. This is followed by a discussion on 

existing and proposed approaches for travel analysis, highlighting the uniqueness and 
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contribution of this research. An outlook on the future of travel demand models is the 

presented, wherein the potential role of the proposed SILK theory and the behavioral 

route choice model is discussed. Factors driving the advance of travel modeling are given 

specific attention, including data issues, policy evaluation needs, and modeling methods. 

Finally, future research on positive travel behavior theory and modeling is discussed, 

including the development of positive models for dynamic route choices and for other 

choice dimensions, the integration of activity schedulers with the behavioral route choice 

model, and the integration of agent-based behavioral model with microscopic traffic 

simulators.  

 

8.1. Summary of Research 

 

8.1.1. REVIEW OF BEHAVIOR THEORY AND TRAVEL DEMAND MODELING 

 

Chapter 2 reviews related literature ranging from general theories of human behavior and 

the decision-making process to empirical evidence against rationality in travel behavior, 

from the history of travel demand modeling in the past half century to some emerging 

policy issues challenging modelers today, and from traditional to innovative methods for 

travel demand modeling. It is clear that there is a trend of shifting focus from aggregate 

prediction to the micro-behavioral foundation of travel demand, and that such a transition 

has been hindered by the lack of a coherent behavioral theory. Although the inadequacies 

of the rational behavior theory as a description of the decision-making process are 

evident, alternative positive theories of human behavior have not found their way into 

travel analysis. It is unclear to what extent individuals’ true behavior deviates from 

perfectly rational behavior. A modeling framework for positive analysis of travel 
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behavior is in order.  The good news is that innovative data collection methods, such as 

longitudinal surveys and automatic vehicle tracking using GPS and other wireless 

communication devices, are likely to provide high-quality data that record travelers’ 

behavior over time. These process data should prove valuable for the development of 

more realistic positive travel demand models. Practical needs for analyzing pricing 

policies, demand management, and advanced travelers’ information systems also favor 

the advance of travel demand models. 

 

8.1.2. THEORY AND MODEL OF TRAVEL BEHAVIOR 

 

The proposed positive theory of travel behavior argues that individuals’ travel choices at 

any point of time is influenced by their previous decisions, spatial knowledge accrued 

from prior experience, learning, search rules, and decision heuristics. A traveler is a 

constrained and imperfect decision agent in the transportation system who probes the 

properties of the system under certain conditions and evolves over time.  The proposed 

SILK theory hypothesizes that subjective factors such as spatial knowledge, belief, 

learning habit, perceived cost associated with information acquisition, and mental efforts 

involved in making decisions affect travel behavior by influencing a pair of intervening 

variables: perceived search gain and perceived search cost. An approach to quantify these 

subjective factors is proposed. The analysis further develops quantitative relations 

between the subjective factors and search gain using Bayesian rules, and provides 

theoretical basis for the empirical derivation of search cost.  

 

These theoretical constructs allow an intuitive description and quantification of variables 

determining individual behavior, which is also consistent with search theory: travelers 

start (stop) searching for alternatives when the perceived search gain exceeds (falls 
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below) perceived search cost. An individual’s travel decision-making process is thus 

equivalent to a dynamic search process. The proposed SILK theory further argues, on the 

basis of empirical evidence across disciplines, that individuals’ travel search behavior is 

not characterized by randomness or optimization, but comprised of heuristic rules that 

should be empirically derived. The heuristic rules can be categorized into two groups, 

those that individuals use to search for alternatives and those individuals employ to 

decide among identified alternatives.    

 

These theoretical developments complete a coherent micro-behavioral foundation for 

modeling individual travel decisions and their interactions. Normative assumptions such 

as information completeness, perfect rationality, and utility maximization are replaced by 

the search process and empirically derivable behavioral rules. The usefulness of this 

positive modeling framework is demonstrated in two chapters (Chapters 4 and 5) where a 

behavioral route choice model is developed based on the SILK theory.  

 

Chapter 4 documents the specification, estimation, and verification of individuals’ spatial 

knowledge, search rules, and decision rules related to route choice. It shows the type of 

process data, defined as observations of individuals’ decision-making processes, required 

for the modeling application of the SILK theory. In addition, it demonstrates the 

feasibility of collecting these data through relatively uncomplicated and inexpensive 

surveys and vehicle tracking devices. Route search and switching data collected in two 

studies are used to derive the distribution of perceived search costs, as well as search and 

decision heuristics in terms of if-then rules. Machine learning algorithms are found 

suitable for the derivation of search and decision rules. The derived behavioral rules are 

verified and compared with some normative behavioral rules. The product of this chapter 

is a complete positive model of individual route choice behavior. 
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Since practical applications require travel demand models, normative or positive, to 

provide macro-level statistics such as link flow and level of congestion, Chapter 5 

proposes an agent-based method for aggregating individual route choice behavior. It 

defines the steady traffic pattern under positive assumptions as the Behavioral User 

Equilibrium (BUE), and demonstrates how the BUE can be solved using agent-based 

simulation. The qualitative properties of the BUE such as existence, uniqueness, and 

stability are discussed in comparison with traffic equilibria under normative assumptions 

– deterministic user equilibrium (DUE) and stochastic user equilibrium (SUE). An 

obvious advantage of the positive approach lies in its evolutionary paradigm, which 

enables the evaluation of network performance as it evolves under the influence of 

various factors.  

 

8.1.3. MODEL APPLICATIONS AND RESULTS 

 

The behavioral route choice model is readily applicable to real-world travel forecasting 

and policy analysis tasks, which is demonstrated in two applications in Chapter 6. On the 

Twin Cities road network, network flows and travel costs under the positive assumptions 

converge in approximately two hours of computational time on a standard personal 

computer (c. 2001). Convergence is confirmed when for each individual traveler in the 

model the subjective search gain is lower than the perceived search cost. Markovian 

variability of the proposed behavioral model exists, but is very small. Results show that 

due to limited information and heuristic behavioral rules, most users could not find the 

theoretically best routes by normative standards. The average excess travel cost is around 

18% of the minimum possible travel cost. The resulting traffic pattern at the BUE is 

apparently different from the DUE and SUE flows. Normative assumptions in DUE and 



189 

SUE could lead to under- and over-estimation of congestion on high-flow links 

respectively.   

 

Given the estimated origin-destination demand on the Twin Cities road network used in 

this research, it appears that the DUE flows produce the lowest total system travel cost, 

followed by the BUE, and SUE flows. However, when a hypothetical distribution of 

perceived search costs with a variance higher than the estimated variance is tested, the 

BUE exhibits the lowest system travel cost. This implies that even though from 

individual travelers’ points of view they are not using the best routes due to various 

information, perception, and decision limitations, the resulting traffic pattern could still 

be more desirable than the DUE and SUE traffic patterns. By not traveling on the best 

routes, some travelers inadvertently and, in a sense voluntarily, make it possible for 

others to travel with costs lower than the DUE costs. This result should be tested on other 

networks because of its important and somewhat counter-intuitive implications. If it is 

true, the role of advanced traveler information systems under normal driving conditions 

(i.e. with recurrent congestion) has to be re-evaluated. In any case, it is clear that the 

positive model with a more complete and realistic description of route choice behavior 

can help improve our knowledge and reveal new phenomena about traffic dynamics. 

When the positive model is calibrated and applied properly, it should also improve the 

accuracy of travel demand estimation. 

 

In the second application, the agent-based route choice model is implemented to assess 

the impacts of a major change to the road system – the shut-off of the ramp metering 

system in the Twin Cities. Results suggest that traffic re-equilibrates in about two months 

with major flow changes in the first two weeks. It is shown that although only 2% of 

travelers change routes with ramp metering, more than 23% of travelers incur travel cost 
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changes in excess of one minute. The disaggregate nature of the positive approach and 

the resulting model allows detailed analysis on the impacts of a supply, demand, 

management, or policy change at the system, local, link, and individual levels. Many 

interesting results can only be obtained with the positive behavioral model.  

 

8.2. From Normative to Positive Approaches: Research Contribution 

 

The traditional sequential travel demand model is a product of great engineering and 

planning efforts, but lacks behavioral realism in several aspects. The treatment of trips as 

the basic units of analysis disregards the fact that individual travelers are the decision-

makers who act according to certain behavioral rules in a constrained environment. The 

impact of this behavioral limitation on the validity of planning and policy analyses 

remains unknown because the complexity of the transportation system and data issues 

make it difficult to verify the predictive accuracy of comprehensive demand models. 

However, it is clear that the sequential trip-based model has some practical limitations. A 

notable one is its inability to rigorously model travelers’ scheduling behavior, which is 

important for understanding the evolution of congestion during peak periods. Although 

the sequential model is still the most popular travel demand analysis tool among 

practitioners, its theoretical and practical limitations have been constantly challenged by 

the newer activity-based and micro-simulation models.  

  

Many of the more advanced travel demand models are computational process models 

(CPM), while some rely on discrete choice models. There is clearly a trend in travel 

analysis toward a detailed scrutiny of the decision-making process. Although various 

proposed and operational CPM models differ in their assumptions and structures, they all 
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have to answer several basic questions with regard to travel behavior: Why, when, and 

how does an individual adjust travel behavior, stop adjustment, and form routines. These 

are essential research questions that demand both theoretical and empirical analyses. 

Many CPM models are based on some plausible assumptions regarding the decision-

making process. These convenient assumptions certainly produce operational models, but 

their theoretical foundation is vague. Travelers in the real world do not simply settle with 

any activity and travel pattern that merely satisfies constraints. Nor do they maximize 

utility with perfect information as suggested by the normative approach. Their true 

behavior, which is individually different, should be determined by their personal 

experience, spatial knowledge, belief, perception, and certain behavioral and decision 

rules.  

 

This research suggests a positive perspective for examining and modeling travel 

behavior.  The SILK theoretical framework considers the decision-making process as a 

search process.  The role of search theory in travel analysis has been long overlooked. A 

notable benefit of such theorization is that search starting and stopping conditions can be 

quantitatively modeled. Therefore, the conditions under which travelers change and form 

behavior can be empirically derived, not presumed. Another feature of the SILK 

framework is its minimum assumption about how travelers make behavioral adjustments. 

The search and decision rules can all be extracted from empirical data using machine 

learning algorithms. The proposed theory also explains the role of spatial knowledge, 

learning, subjective belief, and decision costs in travel decision-making. This broadened 

view of individual travel behavior should improve our understanding of the travel 

decision-making process, and our knowledge about why and how behavioral changes 

take place.  
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The agent-based modeling technique is adopted in this research for the development of a 

behavioral route choice model under the proposed positive theory. In this model, each 

individual traveler is a unique agent with distinct knowledge about the transportation 

system accumulated from past experience and learning. The model tracks each traveler’s 

behavioral history, and provides statistics at the individual and system levels throughout 

the evolutionary process, not just at the equilibrium state.  Another contribution of this 

research is that it demonstrates what and how process data can be collected for the 

development of positive travel demand models. Of the many results from the two 

applications of the proposed route choice model, an interesting finding is that a group of 

heterogeneous travelers with limited knowledge, heuristic rules, and varying perceptions 

can result in a socially more optimal traffic pattern than a group of uniform and rational 

travelers with perfect information can. Potential contributions of the modeling efforts to 

systems and policy analysis are also discussed in an application. It seems proper to argue 

that the agent-based behavioral model enables a more detailed examination of the 

winners and losers when transportation supply, demand, and policies alter.   

 

The agent-based route choice model is also fully operational and can replace the 

normative deterministic or stochastic user equilibrium models. Under certain conditions, 

individual route choices according to the positive theory of travel behavior yield a steady 

traffic pattern, defined as the behavioral user equilibrium (BUE). It is a route assignment 

model devoid of assumptions of perfection information and rationality. Other distinctive 

features of the proposed model include its ability to replicate historical dependencies in 

travel decision-making at the individual level, and the ability to consider traffic evolution 

over time. The completely disaggregate model structure also allows analysts to examine 

the impacts of control and management policies on individual users in greater detail.    
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8.3. An Outlook on Advance in Positive Travel Behavior Theory 

 

Advance of information technology will likely provide transportation researchers an 

unprecedented volume of data that accurately records the movement of individuals for a 

prolonged period of time. The deployment of advanced traveler information systems, 

automatic toll collection systems for various road pricing projects, and in-vehicle 

navigation systems should further improve the availability of process data. These data 

from ITS applications are especially suitable for research on short- and probably mid-

term travel decisions such as route, scheduling, mode, and destination choices.  It is 

expected that the reduced data collection cost would encourage in-depth theoretical 

analysis of the travel decision-making process. The near future is likely to see increasing 

opportunities for the development of positive travel behavior theories. These theoretical 

developments may be preceded by a number of empirical analyses using econometric or 

artificial intelligence methods. As empirical evidence amounts, various generalizations at 

the theoretical level will follow. The emergence of a coherent, comprehensive, and 

positive theory for all aspects of travel analysis is, however, hard to predict because travel 

demand analysis is applied to so many different tasks and needs for individual 

applications vary. 

 

In order to analyze the dynamics of individuals’ long-term travel behavior such as 

residential and work location choices and auto-ownership choices, data from ITS sources 

may not be directly useful. But advance in longitudinal surveys and related data analysis 

methods should make it possible to develop positive theories of long-term travel 

behavior.     
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Any positive theory of travel behavior has to establish the conditions under which 

individuals are stimulated and seek changes to their routines based on empirical evidence. 

For modeling purposes, these conditions should be quantitatively derivable from data. 

When the stimuli are sufficiently large and individuals respond, the next question a 

positive theory must answer is how individuals respond. This is a difficult question for 

travel analysis because individuals can adapt along many behavioral dimensions. 

Extensive empirical work is necessary. This research employs a search theory to identify 

conditions of behavioral changes, and decomposes the behavioral adaptation process into 

an iterative heuristic search and decision loop. Other theorization approaches, such as 

prospect theory (Kahnamen and Tverski 1979) and indifference band based on bounded 

rationality (Mahmassani and Chang 1987), may also produce operational models.   

   

8.4. Role of Behavioral Travel Demand Models 

 

Behavioral travel demand models refer to models without the standard perfect rationality 

assumptions such as perfect information, utility maximization, and cost minimization.  

There are also hybrid models which recognize that only limited information is available 

to individuals and that only a subset of all alternatives is searched, but still use utility 

maximization to model one or more steps in the decision-making process. Some of these 

models have shown satisfactory predictive accuracy. But it could be a concern that such a 

mechanism creates inconsistencies in model structure. These hybrid models may be better 

viewed as the products of a transition from normative to positive travel demand models.    

 

As the system being analyzed becomes more complex and the number of users in the 

system becomes larger, solving for system properties using normative models becomes 
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more prone to prohibitive computational costs due to its non-linear increase. When the 

decision situation becomes more complex, choice dimensions increase, and the number 

of alternatives increase, it also becomes harder to find a plausible normative assumption 

of what a user should do. In these situations, developing positive models is not just one of 

several modeling options, but a necessity. In small simple systems or when the scope of 

analysis is quite limited, benefits of positive models may not be obvious because 

normative assumptions may be sufficient to capture the essence of user behavior. 

Advantages of behavioral models tend to be more notable when the system gets large and 

when users in the system engage in complex decision processes, because in these cases 

the relevance and usefulness of normative assumptions quickly diminish.  

 

Based on the above discussion, it appears that in travel forecasting, behavioral models 

will be most useful for system-level travel demand analysis. The recent emergence of a 

number of computational process models for travel demand estimation reviewed in 

Chapter 2 is not a coincidence. It results from more demanding policy analysis needs that 

require a more complete and accurate description of user behavior.  

 

Behavioral travel demand models, by our definition, are based on positive theories of 

travel behavior. This origin offers behavioral models more capability in describing the 

travel decision-making process than normative models, as demonstrated in Chapter 6. 

Therefore, many results of the behavioral models for subsequent policy analysis are not 

available from normative models. Examples of results distinctive to behavioral models 

include system properties during the evolutionary process before an equilibrium is 

achieved (if it is ever achieved), the identification of users who actually change behavior 

and their various characteristics, and the discovery of new factors influencing individual 
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behavior and system properties (e.g. the distribution of perceived search costs). This new 

information should be valuable to a broad range of planning and policy analysis.  

 

The development of behavioral travel demand models, however, may require additional 

data collection costs. It is not enough to just examine a snapshot state of the system. In 

order to predict system evolution in the future due to supply, demand, or policy changes, 

one must first observe the previous evolutionary process of the system for a period of 

time or at several time points. This, however, does not imply that modelers must budget a 

long period of time for data collection. As we have seen in Chapter 4, there are methods 

to allow users to recall their decision-making processes and outcomes, and report them in 

a single survey.   

   

8.5. Future Research 

 

The complexity of travel decision-making forces this research to limit its scope. Although 

the SILK theory presents a general framework for analyzing travel decision-making, the 

quantification of spatial knowledge and belief is incomplete. More specifically, only 

spatial knowledge related to transportation networks is discussed while spatial knowledge 

corresponding to land use is not included. This restricts the value of the proposed positive 

theory for modeling location and destination decisions. In order to completely describe 

spatial knowledge, an individual’s complete mental map needs to be theorized and 

relations between network and land use knowledge identified. Previous research on 

spatial learning and cognition has paved foundation for this future research topic. 
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The behavioral route choice model can be extended along several directions. For traffic 

analysis, the BPR travel cost function can be replaced with a microscopic traffic 

simulator. This new integration will create an agent-based model in which traveler agents 

not only make route choice decisions, but also exhibit car following and lane changing 

driving behavior. Future empirical studies can also derive rules travelers use to make in-

route real-time behavioral adjustments. The resulting agent-based route choice and traffic 

simulation model should enjoy a consistent disaggregate structure and find many 

applications in traffic operations and capacity analysis. For dynamic route choice 

analysis, it is necessary to introduce a time clock into the behavioral route choice model. 

To avoid assumptions of perfection information in dynamic traffic assignment models, 

the actual availability of real-time traffic information to travelers needs to be modeled. 

 

For analyzing other dimensions of travel choices, as a temporary solution the behavioral 

route choice model can be integrated with an existing activity-program generator, such as 

Albatross, AMOS, or many other operational activity-based models reviewed in Chapter 

2. A benefit of this integration is that no intermediate aggregation of demand is required 

because both the behavioral route choice model and activity-based models consider 

individuals as the basic units of analysis. Ideally, the behavioral route choice model 

should be extended to include scheduling, mode, destination, and location choices under 

the same SILK modeling framework. Theoretical constructs such as multi-dimensional 

search gains and costs in Chapter 3 should be valuable for this future extension.  

 

There is also another way to understand the proposed positive approach. All behavioral 

rules derived from empirical studies can be viewed as a knowledge base about travel 

behavior. Different rules may apply for different areas and different population groups. 

These behavioral rules constitute a library where they can be revised and updated as new 
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data becomes available and new research is conducted. This knowledge base could 

simplify modeling work and improve model accuracy. A travel demand modeler 

determines which set of behavioral rules best apply to the population, the region, and the 

problem of interests. Although this modulization of the travel demand modeling process 

is desirable from the perspective of knowledge accumulation and dissemination, it may or 

may not materialize. In any case, it is possible that behavioral rules may differ from 

region to region, and from a population group to another population group.  In this 

dissertation, behavioral rules related to route choice are derived from two relative small 

groups of individuals in the Twin Cities area. Future research should explore the 

portability of empirically derived behavioral rules across geographic areas and across 

population groups.      
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APPENDICES  

 
Appendix A: Summary of Variables 

 

A set of alternatives 

a index of alternatives 

B Belief and expectation 

C vector of perceived search costs 

c perceived per-trip search cost 

c* relative perceived per-trip search cost 

ctotal perceived total search cost 

D set of decision rules 

F number of time a trip is expected to be undertaken in the future 

f index of future trips 

G vector of expected search gains 

g expected per-trip search gain 

gTotal expected total search gain 

gCom expected combined search gain considering all attributes 

I information that exists in the world 

I number of discrete categories individuals use to evaluate an attributes 

K spatial knowledge possessed by individuals 

L learning process that updates spatial knowledge 

l index of links 

M number of perceivable attributes of alternatives 

m index of attributes of alternatives 

N number of searches  
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n number of prior experiences of a particular attribute category 

P probability distribution that describes subjective beliefs 

p probabilities representing subjective beliefs 

RMSE root mean square of error 

r index of behavioral rules 

S Search method 

t time 

tmin minimum travel time of all previously searched alteantives 

v current value of an attribute (time, toll, comfort, safety etc.) 

X vector of activity location attributes 

Y vector of link attributes     

Z vector of attributes that describe a declarative component of spatial knowledge 

α Discount rate 

θ  set of constraints on spatial behavior 

η  set of stimuli 

λ coefficient that converts attribute values to a common scale 
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Appendix B: Route Search Survey Questionnaire 

 
Start of Route Choice Survey 

 

The purpose of this survey is to collect data for a research project regarding route choice 

behavior. The information provided will be kept strictly confidential and not be used for 

purposes other than academic research. Although participation is voluntary, I would 

really appreciate your cooperation as unanswered surveys significantly reduce the quality 

of this research. It will take about ten minutes to complete the survey. 

 

Thank you.   

Lei Zhang 

 

Research assistant 

Department of Civil Engineering 

University of Minnesota 

 

Survey begins… 

 

1. Age: ________ 

2. Gender:  ____ Female     ____ Male 

3. Personal income per year:   $ _____ thousand dollars 

4. Years/Months of residence in the Twin Cities:  _____ years and ______ months 

5. Years/Months as a student at the U of M: _____ years and _____ months 

6. Years/Months at current residence: _____ years and _____ months 

7. Number of automobiles you have access to for daily commute: _____ 

8. Number of adults (16+) in your household: _____ 

9. Number of children in your household (Age 5-16): _____ (Age 0-5): _____ 

  

10. How many days per week do your come to the U of M: _____ days/week 

11. Which mode did you take today from home to school?  
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__ Drive alone  __ Carpool driver __ Carpool passenger __ Bus __ Bike__ Walk 

12. Which mode did you take most often from home to school?  

__ Drive alone  __ Carpool driver __ Carpool passenger __ Bus __ Bike__ Walk 

13. Which modes have you considered or taken in the past from your current residence to  

      the U of M (select all that apply): 

__ Drive alone  __ Carpool driver __ Carpool passenger __ Bus __ Bike__ Walk 

14. Do you need to participate in any intermediate activities during your commute trip  

      (e.g. drop child to daycare, buy breakfast …):  

___ Yes ___ No  

 14a. If yes, please specify activity: ____________________________________ 

 

Please answer all questions in this page.  

For instance, even if you do not take bus to school, please try to answer bus-related 

questions based on your best estimate. 
   

15. If you were to take a bus to U of M: 

 15a. What is the total travel time (from home to school): _____minutes 

 15b. What is the total walking time to and from the bus stops: _____minutes 

 15c. What is the total waiting time at bus stop: _____ minutes 

 15d. What is the total in-transit time (when you are on the bus): _____ minutes 

 15e. How much do you pay on average for each bus trip: $_____ 

 15f. Please rate the efficiency of the bus mode on a 1~7 scale: 

  Very inefficient     1     2     3     4     5     6     7     Very efficient   

 15g. Please rate the comfort of the bus mode on a 1~7 scale: 

  Very uncomfortable     1     2     3     4     5     6     7     Very comfortable 

 15h. Please rate the safety of the bus mode on a 1~7 scale:   

  Very unsafe     1     2     3     4     5     6     7     Very safe 
 

16. If you were to bike to U of M: 

 16a. What is the total travel time (from home to school): _____minutes 

 16b. Please rate the efficiency of the bike mode on a 1~7 scale: 

  Very inefficient     1     2     3     4     5     6     7     Very efficient   
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 16c. Please rate the comfort of the bike mode on a 1~7 scale: 

  Very uncomfortable     1     2     3     4     5     6     7     Very comfortable 

 16d. Please rate the safety of the bike mode on a 1~7 scale:   

  Very unsafe     1     2     3     4     5     6     7     Very safe 
 

 

17. If you were to walk to U of M: 

 17a. What is the total travel time (from home to school): _____minutes 

 17b. Please rate the efficiency of the walk mode on a 1~7 scale: 

  Very inefficient     1     2     3     4     5     6     7     Very efficient   

 17c. Please rate the comfort of the walk mode on a 1~7 scale: 

  Very uncomfortable     1     2     3     4     5     6     7     Very comfortable 

 17d. Please rate the safety of the walk mode on a 1~7 scale:   

  Very unsafe     1     2     3     4     5     6     7     Very safe 
 

 

 

18. If you were to drive alone, or carpool (driver or passenger), to U of M: 

 18a. What is the total travel time (from home to school): _____minutes 

 18b. How long do you need to wait in traffic due to congestion: _____ minutes 

 18c. What is the total travel distance: ______ miles 

 18d. How much do you pay for each trip (parking+fuel+others): $ _____  

 18e. Please rate the efficiency of driving on a 1~7 scale: 

  Very inefficient     1     2     3     4     5     6     7     Very efficient   

18f. Please rate the comfort of driving on a 1~7 scale: 

  Very uncomfortable     1     2     3     4     5     6     7     Very comfortable 

 18g. Please rate the safety of driving on a 1~7 scale:   

  Very unsafe     1     2     3     4     5     6     7     Very safe 
 



231 

19. Please find the map of the Twin Cities road network in this survey handout.  

 19a. First, identify your current residence on the map with symbol “ + ” 

        Note: If your current residence is outside the scope of the map, please  

                  label “+” at the location where you cross or enter the I-494/I-694  

                  beltway in your commute route from home to the U of M.  

19b. Please find the locations in the map identified by “O”. Imagine you need  

to drive from your current residence to O. Please draw the route you are most 

likely to use on the map with the provided color marker, and label this route with letter A.  

19c. Please also draw other routes from + to O that you may consider for 

this  

trip. The total number of alternative routes is: _____ 

Note: It is fine if the alternative routes have overlapping sections. 

19d. Now, please identify the location in the map identified by “D”. Imagine you  

need to drive from O to D. Please ONLY draw the route you are most 

likely  to use for this trip, and label the route with letter B. 

 

 

Please answer either question 20 or 21 based on your commute mode. 

If you frequently drive, or carpool (driver or passenger) to the U of M, please answer 

question 20 ONLY. 

If you take bus, bike, or walk to the U of M, please answer question 21 ONLY. 

 

20. Please find the civil engineering building in the map which is identified by letter “U”. 

20a. Please draw the route you generally use to travel from your current  

        residence “+” to the parking lot you use when attending classes in the civil  

        engineering building “U”, and label this route with letter C. 

20b. Please also draw other routes you have taken before or considered for this  

        trips. The total number of routes considered is: _______ 

20c. Please label the route you used when you drove from your current residence  

        to the parking lot for the first time (i.e. first noticed route) with letter F.  
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21. Please find the civil engineering building in the map which is identified by letter “U”. 

21a. If you were to drive to the U of M to attend classes in the civil engineering  

        building, please draw the route you are most likely to use to drive from your  

        current residence “+” to the civil engineering building “U”, and label this   

        route with letter C. 

21b. Please also draw other routes you may consider for this trip.  

        The total number of routes considered is: _______ 

 

 

You have completed the survey. Thank you very much for your participation! 

End of Route Choice Survey 

 

Note: See next page for the road map used for the survey. Subjects received much larger 

paper maps on which names of all freeways and arterial streets are clearly visible.   



233 

 



234 

Appendix C: Rules for Searching Egress Points 

 
Rule Set for Selecting Egress Point on the Basic Network 

Choose egress point A to construct the alternative route, if 

     [ΔTime ∈  (0.18 ~ infinity)]  

Or [ΔTime ∈  (0.06 ~ 0.18) 

And ΔBtime ∈  (–infinity ~ 0.17)] 

Or [ΔTime ∈  (–0.06 ~ 0.06)   

And ΔBtime ∈  (–infinity ~ –0.11)]  

And ΔBtime ∈  (–0.11 ~ 0.17)  

 And ΔTransfer ∈  (1)] 

Or [ΔTime ∈  (–0.18 ~ –0.06) 

 And ΔBtime ∈  (–infinity ~ –0.11)]  

Otherwise, choose egress point B to construct the alternative route. 

End of Rule Set 
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Appendix D: Route Switching Experiment Design 

 
D-1: Pre-Experiment Travel Diary 
 
A standard one-day full diary form is used.  
 
UNIVERSITY OF MINNESOTA TRAVEL STUDY: ONE DAY TRAVEL DIARY 
Use this form to record your travel on a given day from the time you wake up to the time 
you go to sleep. 
Please record both major destinations and the stops you made along the way. 
 
A. START LOCATION (Location 1) 
□ Home  □ Other 
If start location is other than home, then please give the following if known: 
Place Name: ___________________________ 
Address/City: ____________________________ 
County/Zip: ____________________________ 
Cross Street/Landmark: ____________________________ 
What time did you leave the start location? _____:_____am / pm 
 
B. INTERMEDIATE LOCATIONS 
Please record all stops made along the way as separate locations. 
 

 
…  
Locations 3~9 
… 
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C. END LOCATION (Location 99) 
□ Home  □ Other 
If end location is other than home, then please give the following if known: 
Place Name: ___________________________ 
Address/City: ____________________________ 
County/Zip: ____________________________ 
Cross Street/Landmark: ____________________________ 
What time did you arrive at the end location ? _____:_____ am / pm 
 
D-2: Pre-Experiment Survey  
 
An online survey collects subjects’ socio-economic and demographic data. 
 

 



237 
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D-3: Driving directions  
 
Driving directions are distributed to subjects during the field experiment. 
Directions for one of the five selected routes (I-94) are provided below. 
 
I-94 Route 
Driving Directions 
McNamara Alumni Center to Cathedral of St Paul via I-94 
 
Directions Distance 
1: Start out by turning RIGHT onto OAK ST  
2: Turn LEFT onto WASHINGTON AVE .1 miles 
3: Turn RIGHT onto HURON BLVD .2 miles 
4: From the right lane, MERGE onto I-94 EASTBOUND. .4 miles 
5: Take MARION/KELLOGG BLVD exit 5.1 miles 
6: Turn RIGHT onto KELLOGG BLVD W. .4 miles 
7: Turn RIGHT onto JOHN IRELAND BLVD .1 miles 
8: Turn RIGHT onto SELBY AVE .2 miles 
9: Turn LEFT into the parking lot across from the Cathedral  
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D-4: Post-Route Questionnaire (Subjects Rate and Rank Driven Routes) 

In this study we are interested in driver preference for commuter routes.  We selected 
routes between the University of Minnesota and the Cathedral of St. Paul because they 
are easily identifiable destinations.  
 
For Questions 1 - 4 please think of the route you just drove as part of your commute to or 
from work and circle a number from 1 to 7 that best reflects your answer to the question.  
 
1. Please rate the route you just drove with regard to its efficiency. 

Very inefficient    Very efficient 
 
 

2. Please rate the route you just drove with regard to how easy it was to drive. 

Very difficult   Very easy 
 
 

3. Please rate the route you just drove with regard to how pleasant it seemed to be. 

Very unpleasant    Very pleasant 
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4. How accurate was the travel information you were given at the beginning of the 

drive? 

Not at all accurate       Very accurate 
 

 
5. If you were given travel information as accurate as the travel information you 

received at the beginning of this drive, please rate how useful you think the information 
would be to you on a daily basis? 

Not at all useful      Very useful 
 

 
6. How often do you drive this particular route? (Place a check in front of your 

answer.) 
__ everyday   __ several times a month __ once or twice a year  

__ several times a week  __ once a month    __ never   

__ once a week     

 
7. Did you hear traffic reports on the radio during this trip? 

__ yes  __ no 
 
For Questions 8-16 please think of the route you just drove as part of your commute to or 
from work and circle a number from 1 to 7 that best reflects your answer to the question. 
 
8. How would you rate driving a route very much like this to work in the morning, 

assuming no stops for shopping, daycare and the like? 

Very Unsatisfying    Very Satisfying 
 
                                               

9. How would you rate driving a route very much like this to work in the morning, 
assuming that you make typical stops for shopping, daycare and the like along the 
way? 

Very Unsatisfying    Very Satisfying 

 

10. How would you rate driving a route very much like this home from work, 
assuming no stops for shopping, daycare and the like? 

Very Unsatisfying    Very Satisfying 
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11. How would you rate driving a route very much like this home from work, 
assuming that you make typical stops for shopping, daycare and the like along the 
way? 

Very Unsatisfying    Very Satisfying 
 

How would you rate driving a route very much like this for… 

12. shopping?  Very Unsatisfying                                    Very 

Satisfying 
 

13. going to the theater Very Unsatisfying                                    Very 
Satisfying 

      or a movie?      
 
14. visiting family/friends? Very Unsatisfying                                    Very 

Satisfying 
  

15. going to a park? Very Unsatisfying                                    Very 

Satisfying 
 

16. a Sunday drive? Very Unsatisfying                                    Very 

Satisfying 
 

17. Did anything unusual happen when you drove this route? 

__ yes  __ no If yes, please explain____________________________________ 
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