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ABSTRACT 

Traffic congestion has been placing an extremely high burden on the development 

of modern cities. Congestion can be alleviated by either increasing road capacity, or by 

reducing traffic demand. For decades, increasing capacity by building more roads and lanes 

has been the major solution applied to accommodate the ever-growing traffic demand. 

However, it turns out to be of limited effect due to some well-known phenomenon such as 

latent demand. Controlling and managing traffic demand has in turn been viewed as a cost-

effective alternative to increasing road capacity, as has been demonstrated many successful 

applications all around the world. 

Within the concept framework of Traffic Demand Management (TDM), Active 

Transportation and Demand Management (ATDM) is the dynamic management, control, 

and influence of traffic demand and traffic flow of transportation facilities. ATDM 

strategies attempt to influence traveler behavior and further manage traffic flow in a time-

dependent manner within the existing infrastructure Successful ATDM applications 

include congestion pricing, adaptive ramp metering, dynamic speed limits, dynamic lane 

use control, etc. Singapore stands out to be an excellent success story of ATDM, as the 

implementations of “Cap and Trade” license plates and electronic road pricing make 

motoring a high cost privilege for citizens of Singapore, making the public relies on transit. 

Monetary leverage is an effective instrument to facilitate ATDM. Examples of 

ATDM applications adopting monetary instrument includes dynamic congestion pricing, 

“Cap and Trade” of car licenses, etc. Taking congestion pricing as an example, policy 
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makers are inducing travelers’ behavior and alternating their preferences towards different 

behavior decisions by levying price tags to different choices. As an important underpinning 

of rationing choice theory, an individual assigns an ordinal number over the available 

actions and this ordinal number is calculated by their utility function or payoff function. 

The individual’s preference is expressed as the relationship between those ordinal 

assignments. In the implementation of congestion pricing, policy makers are imposing an 

additional high disutility to congested roads and therefore pushing some of the travelers to 

take alternative routes or shift to alternative departure times or even cancel the trips. 

However, congestion pricing suffers from public aversion as it creates burden on the 

motoring of low-income people and therefore doesn’t help to alleviate social inequality. 

The concept of Tradable Mobility Credit (TMC) has been proposed by a group of 

researchers as another innovative application to facilitate dynamic traffic demand 

management and solve social inequality issues using pricing instruments. The concept of 

TMC is borrowed from carbon trading in environmental control. A limited quota of 

personal auto usage is issued to eligible travelers and credits can be traded in a free market 

fashion. This guarantees that the roadway usage does not exceed capacity while avoiding 

the negative effects of shortages normally associated with quotation systems. TMC is 

literally not a market-ready policy as the integration of the supporting infrastructures, 

including the trading market, the credit assignment component, and the credit charging 

component, has not been fully explored yet. Existing TMC research focuses on explaining 

and exploring the equilibrium condition through analytical methods such as mathematical 

modeling. Analytical models produce perfect convergence curves and deterministic 
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equilibrium traffic flow patterns. Analytical models provide influential guidance for further 

works but the solution procedure may encounter problems when dealing with larger real 

world networks and scenarios. Meantime, current analytical models don’t consider the 

microstructure of the credit trading market sufficiently while it’s actually the most unique 

component of TMC system. 

Motivated by those concerns, an integrated TMC evaluation platform consisting of 

a policy making module and traveler behavior modules are proposed in this research. The 

concept of Agent-Based Modeling and Simulation (ABMS) is extensively adopted in this 

integrated platform as each individual traveler carries his/her personal memory across 

iterations. The goal of establishing this framework is to better predict a traveler’s route 

choice and trading behavior if TMC is imposed and further provide intelligence to potential 

policy makers’ decision making process. The proposed integrated platform is able to 

generate results at different aggregation levels, including both individual level microscopic 

behavior data as well as aggregated traffic flow and market performance data. 

In order to calibrate the proposed integrated platform, an online interactive 

experiment is designed based on an experimental economic package and a human research 

element with 22 participants has been conducted on this experiment platform to gather field 

data regarding a real person’s route choice behavior and credit trading behavior in an 

artificial TMC system. Participants are recruited from forum, listserve, social media, etc. 

The calibrated platform is proved to have the ability to predict travelers’ behavior 

accurately. A prototype market microstructure is proposed in this research as well and it is 

proved to be a cost-effective setting and resulted to a vast amount of economic saving given 
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the fact that travelers would behave similar to the prediction generated by traveler behavior 

module. It’s also demonstrated that the principle of Pareto-improving is not achieved in the 

proposed ABMS models. 
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1 INTRODUCTION 

1.1 Motivation 

Facing the threat of the ever-growing travel demand, researchers and practitioners 

all around the world have been brainstorming and testing new Traffic Demand 

Management (TDM) approaches to turn the tide of the battle between traffic supply and 

demand. The Tradable Mobility Credit (TMC) scheme (Yang and Wang 2011), or the 

Credit-Based Congestion Pricing (CBCP) (Kockelman and Kalmanje 2005), which aim to 

regulate and reduce traffic demand using market and pricing instruments, has drawn 

substantial research attention recently. The idea of the TMC scheme is simple. A Central 

Authority Agency (CAA) assigns a certain amount of credits to eligible roadway users. 

Credits will be charged when users travel on the roadway network. At the same time, the 

credits can also be transferred between users in market (Yang and Wang 2011; Wang and 

Yang 2012; Wang, Yang et al. 2012). It is a market-based approach used to control traffic 

demand by providing incentives for achieving traffic reductions and alternations and 

imposing penalties towards congestion contributors. Travelers do not pay “out of pocket” 

unless they exceed the mobility allowance. On the other hand, travelers earn extra cash for 

their unused and sold credits (Kockelman and Kalmanje 2005). The idea of tradable credits 

is not new; a group of tradable credits/permits approaches have been implemented in real 

world applications, especially in environmental control (e.g., emissions trading, forestry 

regulation, etc.). 

Both being categorized as TDM applications using the pricing instruments, TMC 

is an innovative tool in contrast of congestion pricing (Eliasson and Mattsson 2006), which 
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is commonly interpreted as a stick application. TMC is considered as one of the possible 

strategies to tackle the inequality problem raised by congestion pricing. By directly 

allocating credits to the users in an even or uneven manner, all the problems that lead to 

the public unacceptability of congestion pricing because of inequality could be solved, or 

at least partially solved. That is, with proper TMC schemes, congestion pricing no longer 

makes road users feel like being “exploited” by the government and the potential social 

and spatial inequity problems can be solved as a result. Rather than purely stick or purely 

carrot, TMC is attempting to create a stick-carrot mixture which is theoretically favored by 

public and policy makers. 

Unfortunately, TMC has not been implemented anywhere in the real world so far. 

To overcome the difficulties in terms of coordination between different authorities, lack of 

road-pricing experience and technique support from analysis instruments, education and 

penetration of the new scheme are keys for its successful implementation. The research 

along this line is absolutely of great merit since it’s to promote efficient road usage while 

counteracting most, if not all, equity issues (Kockelman and Kalmanje 2005).  

Almost all of existing literature on TMC are analytical theoretical approaches with 

the problem formulated as optimal-driven mathematical programming problems or 

variational inequality problems incorporating the concept of equilibrium. Nothing has been 

done to examine the TMC problem from an agent-based perspective to consider user 

behaviors like learning and interaction. Several distinguishing weaknesses lie in existing 

analytical TMC works, to name a few: 
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1) For equilibrium approaches, to apply trader heterogeneity requires tremendous 

efforts. Simply put, heterogeneity is hard to implement in those traditional 

equilibrium models. Perfect information penetration and 100% rational trading 

action toward system optimal are the most basic assumptions of analytical 

Mathematical Programming with Equilibrium Constraints (MPEC) approaches, 

which actually leave the price formation process as a black hole that has never 

been touched. As pointed out by Phelps, McBurney et al. (Phelps, McBurney et 

al. 2010): 

“Whereas neoclassical equilibrium theory often abstracts away from the details of 

individual agents, game-theoretic models allow economists to build sophisticated 

micro-models of individual agents’ reasoning and preferences.” 

2) Those tested networks of analytical models are extremely small and artificial, 

which provide influential guidance for further works but the solution procedure 

may encounter problems when dealing with larger real world networks and 

scenarios. 

3) Existing analytical models don’t model trading market sufficiently. Equilibrium 

theory approaches blur the boundary between the market mechanism design 

process and the trader price formation (i.e., trading strategy evolution) process. 

The co-evolutionary adaption between policy maker and trading strategies can 

never be observed. Due to the over-simplified statements, the trade-off between 

difference objectives of the market infrastructure design such as allocative 

efficiency, incentive compatibility, and budget balance cannot be evaluated.  

javascript:void(0)
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Those weaknesses drive us to blaze a new trail rather than being a follower of 

analytical models. Agent-Based Modeling and Simulation (ABMS) stands out to be one of 

the most well suited options for emulating TMC. ABMS is a very useful tool in modeling 

the behaviors of individuals in a diverse population, or the relationships and interactions 

among individuals. It has been widely applied to a variety of disciplines including ecology, 

biology, business, economic science, computer simulation, social sciences, political 

science, policy and military studies. The main roots of ABMS are in modeling human 

social and organizational behavior, and individual decision making (Bonabeau 2002). 

According to the agent features listed in Macal and North’s review (Macal and North 2010), 

the individual roadway travelers, as well as the policy maker within the tradable credit 

environment, are all self-contained and autonomous. They sense information (i.e., tradable 

credit policy) and translate it into actions. Their states vary over time, they are social and 

have dynamic interaction with other agents (e.g., credit transferring process, policy making 

process). They are the perfect examples of the agents and can be modeled under the ABMS 

framework. 

1.2 Objectives 

The objectives of this research are to: 

1) Explore the power and the fidelity of the results ABMS approach can deliver; 

2) Understand users’ behavior under TMC circumstances, especially their route 

choices and bidding strategies. Develop a tool or a platform to predict TMC 

user’s behavior if TMC policy is enforced; and 
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3) Understand how market microstructure can affect the performance of TMC 

scheme and provide intelligence to potential policy makers’ policy making 

processes. 

1.3 Scope 

To achieve the above objectives, the following scope is identified: 

1) Perform an in-depth comprehensive coverage on most aspects of the proposed 

platform, including the history of TDM using pricing and market instruments, 

the route choice models, the auction theory and the developments of ABMS; 

2) Propose a prototype market structure that is simple to implement and financially 

sound; 

3) Develop a traders’ bidding strategy model to predict their trading behavior if 

the prototype market is implemented; 

4) Integrate the aforementioned bidding strategy modules with an ABMS route 

choice module and a traffic simulator; 

5) Conduct a pilot experiment to collect data and help to calibrate and validate 

bidding behavior model and route choice model. 

Figure 1-1 provides the general conceptual flow chart and fundamental building 

blocks involved in the integrated platform. 
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Figure 1-1: Schematic description of the conceptual work 

6) Test the platform on a relatively large network and show the outcome of TMC 

policies in terms of social equality, market efficiency, congestion alleviation, 

etc. 

1.4 Research impacts and anticipated contributions 

Based on the proposed ABMS TMC platform, we are interested in investigating 

user’s behavior mechanism under a TMC context. This research aims to answer the 

question that whether a realistic TMC market mechanism is capable of achieving 

reasonable high allocative efficiency, fairly incentive compatibility, individual rationality, 

and budget balance, as well as if fast convergence and fair equity among commuters can 

be delivered. At the same time, this research supports the market design and policy making 

process.  

Furthermore, this research aims to implement the proposed concept in an ABMS 

framework with the goal of enhancing the ability to account for agents’ heterogeneity and 
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to capture the complex traffic network and auction market dynamics. The concept of 

ABMS will help to fill in the critical gap in prior analytical methods in the literature. 
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2 LITERATURE REVIEW 

This literature review section encompasses literature related to the proposed 

research, including traffic demand management, traffic simulation, dynamic traffic 

assignment, agent-based simulation and modeling, and social behavior. Section 2.1 

presents the debate between carrot and stick instruments in political and economic policy-

making processes. Section 2.2 proceeds to provide reviews of route choice models. The 

review focuses on the most representative and influential studies. The literature on the 

structure of the market mechanism as well as a trader’s strategic bidding behavior models 

is given in Section 2.3. Section 2.4 reviews how vehicle loading is performed in the 

transportation realm, followed by Section 2.5 that presents the general developments of the 

ABMS concept and the ABMS applications in the transportation realm. 

2.1 Pricing Instruments in TDM 

Two general, distinct, methods can be adopted to keep the traffic on a road network 

moving smoothly: either increasing the traffic supply, or reducing the traffic demand. 

Travel demand management (TDM) is the application of strategies and policies to reduce 

travel demand (especially that of Single-Occupancy private Vehicles (SOV)), or to 

redistribute demand in space or in time (Nelson 2000). TDM can be a cost effective 

alternative to increasing capacity. Meanwhile, a good demand management approach has 

the potential to deliver better environmental outcomes, improved public health and livable 

cities. One important category within the TDM toolbox is applications using pricing 

leverage. Those pricing instruments can be further divided into stick, carrot and stick-carrot 
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mixture, which refer to charge/tax, subsidy/bonus and charge-subsidy combination, 

respectively. 

2.1.1 Stick instrument-Congestion pricing 

Roadway pricing is the most representative example of the application of stick in 

pricing instruments of TDM. Research efforts have long been allocated on roadway pricing 

schemes, which can be divided into two categories: congestion pricing and uncongested 

highway pricing. Survey of the pricing scheme development can be found in (Morrison 

1986; Sharp, Button et al. 1986; Newbery 1990; Mcdonald 2004; Palma, Lindsey et al. 

2006; Parry, Walls et al. 2007; Tsekeris and Voß 2009). There are first-best pricing and 

second-best pricing within the category of congestion pricing. First-best pricing refers to 

the unconstrained maximum social welfare and is often used as a benchmark (Pigou 1920; 

Knight 1924; Walter 1961; Vickrey 1969). Second-best pricing takes into account several 

other restrictions such as limited toll roads, deployment cost (Liu and McDonald 1999; 

Rouwendal and Verhoef 2004; Arnott 2007), etc. Various design schemes and 

computational procedures have been proposed for the imposition of urban cordon tolls 

subject to different constraints. Some literature also categorizes congestion pricing into 

static pricing and dynamic pricing. There are within-day dynamic congestion pricing, day-

to-day dynamic congestion pricing (Friesz, Bernstein et al. 2004; Yang, Yin et al. 2007; 

Yang 2008) in the category of dynamic pricing. 

Despite the rich body of literature on roadway pricing, real world implementation 

of pricing often stirs controversy and public outcry. Congestion pricing in international 

countries is on the rise beyond its initial limited number of cities, including Singapore, 
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London, Milan and Stockholm. Beijing has announced its schedule to implement its 

congestion pricing policy and hopefully it will come into force in 2015 (Harper 2013). 

Besides those implemented examples, there are also rejected proposals all around the world. 

For instance, the ones proposed for Manchester, Edinburgh and Hong Kong. All cities 

where congestion pricing has been implemented or been proposed report academic debate 

as well as public controversy before and after the implementation and the proposal of 

congestion pricing schemes. Several major concerns toward congestion pricing are well 

documented (Small 2007): 

1) The result of the ideal first-best congestion pricing solution, which is actually 

to set the marginal cost as the congestion price is not true in real world. The 

practical challenge of setting optimal link-based tolls is daunting given that 

neither the demand functions nor the link-specific speed-flow curves can be 

known precisely. 

2) Inequality issue has long been recognized as one of the main concerns. The 

congestion pricing eventually introduces the geographic burden and mobility 

burden towards population of difference income levels. 

3) A large amount of the revenue is spent on administration and operation of the 

toll system rather than the improvement of traffic facilities. 

Revenue redistribution is considered as one of the auxiliary amendments of 

roadway pricing to tackle inequality and revenue distribution issues to make congestion 

pricing more appealing by the public. Indeed, various forms of revenue redistribution 

strategies have been proposed and discussed. Poole (Poole 1992) added that it might be 
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possible to introduce off-peak discounts and peak-hour surcharges on a toll road. Goodwin 

(Goodwin 1989) suggested a combination of revenue uses in order to offset several 

congestion pricing impacts. DeCorla-Souza (DeCorla-Souza 1994) proposed a cashing out 

strategy to induce shift of peak-period travelers to other modes, thus reducing the need for 

additional infrastructure. Parry and Bento (Parry and Bento 2001) recommended that 

income taxes be reduced to offset congestion pricing-related labor supply restriction. 

A number of theoretical and quantitative studies have been conducted on road 

pricing and revenue redistribution. Bernstein (Bernstein 1993) examined the possibility of 

user-neutral congestion pricing with both positive and negative tolls (i.e., tolls and 

subsidies) in the Vickrey bottleneck congestion model. Arnott, de Palma et al. (Arnott, de 

Palma et al. 1994) investigated the welfare effects of congestion tolls using the basic 

bottleneck model with heterogeneous but inelastic commuting demand. They considered 

the case when the toll revenues are rebated as an equal lump-sum payment to all drivers 

and analyzed when and how each group of drivers could be made better off with such a 

uniform rebate. Daganzo (Daganzo 1995) designed a Pareto-improving hybrid strategy 

between rationing and pricing in the bottleneck congestion model, where a fraction of 

drivers would be exempt from tolling each day. Nakamura and Kockelman (Nakamura and 

Kockelman 2002) applied this strategy to the San Francisco Bay Bridge corridor, and 

concluded that such a Pareto-improving strategy does not exist for that network and it 

would be difficult to find such a policy in general. 

In a network context, Adler and Cetin (Adler and Cetin 2001) discussed a direct 

distribution approach to congestion pricing, in which the money collected from users on a 
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more desirable route was directly transferred to users on a less desirable route using a two 

parallel route example with bottleneck congestion. For a single origin–destination (OD) 

pair connected by a number of parallel routes, Eliasson (Eliasson 2001) showed that a 

tolling system that reduces aggregate travel time and refunds the toll revenues equally to 

all users will make everyone better off than before the toll reform. Yang and Huang (Yang 

and Huang 2004) developed an optimal integrated pricing model in a bi-model 

transportation network with explicit consideration of subsidy to transit mode from road 

congestion pricing revenue. Liu, Guo et al. (Liu, Guo et al. 2009) adopted a continuous 

value of time (VOT) distribution and examined the existence of Pareto-improving and 

revenue-neutral pricing scheme in a simple bi-model network consisting of road and a 

parallel transit line. Recently, (Song, Yin et al. 2009; Lawphongpanich and Yin 2010) 

studied a class of Pareto-improving pricing schemes without revenue redistribution in 

networks. They formulated the problem of finding Pareto-improving tolls as a 

mathematical program with complementarity constraints, and proposed a solution 

algorithm via manifold sub-optimization. The existence of the Pareto-improving tolls 

without revenue redistribution in their study requires that the untolled equilibrium flow 

pattern be dominated by an alternative feasible flow pattern, under which some users are 

made better off and no user is made worse off comparing to the un-tolled equilibrium. The 

dominating flow distribution and the Pareto-improving tolls exist only for certain special 

networks that exhibit the generalized Braess paradox. Guo and Yang (Guo and Yang 2010) 

investigated Pareto-improving congestion pricing cum revenue refunding (CPRR) schemes 

in general transportation networks that make every road user better off compared to status 

quo. The key point of the Pareto-improving CPRR scheme is that, compared with the “do-
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nothing” case, refunding (after tolling) reduces the net travel disutility of each individual 

user. Such a Pareto-improvement can make congestion pricing as a policy more acceptable 

to the public, because everyone is a winner under such a policy. (Kalmanje and Kockelman 

2004; Kockelman and Kalmanje 2005) proposed a novel strategy for practical 

implementation of revenue refunding, the credit-based congestion pricing (CBCP) strategy. 

In this work, the tradable credits act as welfare reallocation media rather than traditional 

monetary media. 

Generally speaking, with the help of revenue redistribution, congestion pricing 

transforms towards partially carrot from purely stick. The aforementioned CBCP work 

somehow reveals that the concept of TMC is partially rooted in the idea of revenue 

redistribution, and TMC can be viewed as an innovative variation of the idea of revenue 

redistribution in which the social welfare is efficiently redistributed to a desirable 

equilibrium using market leverage. 

2.1.2 Carrot Instruments-Incentive-based TDM 

The opposite of the stick are the incentive-based TDM (IBTDM) known as carrot 

instruments. Financial incentives are commonly seen in forms of employer transportation 

benefits, which are tax free up to a certain limit. Two well-received types of qualified tax 

free transportation benefits are transit passes, vanpooling, and parking, according to the 

U.S. Internal Revenue Code section 132(a). Biking commuters have also been reimbursed 

since 2009. A monotonic increasing tendency can be observed in the monthly 

reimbursement limit for parking ever since 2007. IBTDM has become much more popular 

in the last two decades, with several real world applications, mainly in transit projects to 
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attract more transit riders or to help transit riders to avoid peak hours. Several pilot projects, 

which target SOV drivers’ departure time shift and VMT reduction, have been done or are 

ongoing within the recent five years. 

It is of great importance to predict an individual’s reaction to incentives prior to the 

implementation of any incentive program. Rutherford, Badgett et al. (Rutherford, Badgett 

et al. 1994) found out that the impacts of incentives are affected by the magnitude of the 

benefits, the quality of travel choices, and demographics. Meanwhile, a linear relationship 

between SOV trips and the monthly financial incentive amount is predicted by Rutherford, 

which forecasts an 80% travel reduction by endowing an $180 financial incentive to each 

individual per month. However, later researchers have been arguing the correctness of this 

linear relationship. Winters, Lee et al. (Winters, Lee et al. 2010) reported the non-existence 

of such linear relationship through survey. The SOV travel reduction tendency tends to 

flatten out with continuously increasing subsidy.  

Merugu, Prabhakar et al. (2009) created INSTANT (i.e., Infosys-Stanford Traffic 

Project) back in 2008. The authors proposed a bonus mechanism specifically designed for 

employees at a call center in Bangalore, India. Incentives are endowed to those de-

congestors who arrive at the call center before peak hours. The goal of the experiment is to 

shift trips out of the peak so that better environmental outcomes and better levels of service 

can be potentially delivered. Overall, the experiment achieved desirable results. Another 

pilot project conducted by scholars in Stanford University--the Capri project--offers 

Stanford University students and staff cash incentives and lottery rewards for entering 

parking lots outside of peak hours. 
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Similarly, the Spitsmijden project, or, the “peak avoidance project”, is a 13-week 

field study organized by a research group in The Netherlands with the purpose of 

longitudinally investigating the impacts of rewards on commuter behavior by endowing 

rewards to participants who drive to work earlier or later, by switching to other modes or 

even by telecommunicating. The experiment results strongly suggested that rewards can 

be effective tools in changing commuting behaviors (Ben-Elia and Ettema 2009; Ben-Elia 

and Ettema 2011). 

Washington State Department of Transportation tested Commute Trip Reduction 

(CTR) Performance Grant Program in 2003, trying to answer whether the state of 

Washington can obtain transportation capacity by purchasing SOV trips as well as roadway 

infrastructure. Funds were awarded on a competitive basis to employers who provided 

financial incentives to employees that took modes other than driving, on the basis of the 

amount of eliminated trips. The final program results exceeded the trip reduction goal by 

27% (Carlson, Simmons et al. 2005). 

The driveless pilot project (Lee, Winters et al. 2013) was launched in 2012. The 

group developed a controlled quasi-experiment designed to provide a certain level of 

financial reward to people who reduced their Vehicle Miles Traveled (VMT) compared to 

their baseline VMT. Participants’ VMTs were measured every two weeks throughout the 

study period. If the participant could reduce VMT by 160 miles or more relative to the 

baseline every two weeks, a $40 incentive would be deposited to his/her account. A $20 

incentive would be deposited for 80~99 miles reduction. Results show the achievement of 

an around 11% VMT reduction over all participants. 
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In addition to incentivizing trip reduction, incentives could be given to those who 

reduce peak hour travels by leaving outside peak hours and/or taking a less congested route. 

Hu, Chiu et al. (Hu, Chiu et al. 2014) highlighted the results of a pilot field study conducted 

in Los Angeles focusing on automobile travelers’ behavior shifts  using an incentive-based 

active demand management framework. The tool was then known as Smartrek and 

currently known as Metropia. The level of reward points given to users depends on the 

travelers’ behavior change degree and their contribution to traffic congestion alleviation. 

Significant travel behavior changes were observed which validates the concept of using 

incentives to influence travelers’ driving behavior in the pilot experiment. 

Some other IBTDM’s include  a free monthly bus tickets to encourage transit 

ridership (Fujii and Kitamura 2003), and an early-bird ticket program to avoid peak hour 

overcrowding problems (Currie 2011). Table 2-1 provides a comprehensive comparison 

between various pilot IBTDM projects. 

Arguably IBTDM is more appealing to the general public than stick type 

instruments. However, one major disadvantage is, while those projects may be easy to 

jumpstart with some one-time funding, these projects are faced with long-term financial 

sustainability challenges as funding is not perpetually guaranteed. Contrary to congestion 

pricing or other sticks, IBTDM calls for transportation policy makers or transportation 

authorizations that are willing to promise funds beforehand. This may explain why the 

applications of IBTDM are limited to pilot projects so far.  
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Although incentives are quite a “soft” tool compared to roadway pricing and often 

doubted by policy makers as to whether they could influence motorists’ driving behavior, 

the aforementioned projects underscore the potential of this approach to a broad base 

application if the long-term financial sustainability can be addressed.  

Table 2-1 summarizes the comparisons between various IBTDM studies. 
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Table 2-1: A comprehensive comparison between various IBTDM projects and experiments 

Project INSTANT (Merugu, 

Prabhakar et al. 2009) 

CAPRI  Spitsmijden (Ben-Elia 

and Ettema 2011)  

CTR project Idriveless (Lee, 

Winters et al. 

2013) 

Free monthly bus 

pass (Fujii and 

Kitamura 2003) 

Location  Bangalore, India Stanford University The Netherlands Washington State Florida Japan 

Time  Oct 2008 -- Apr 2009 Till now Sep 2006—Dec 2006 CTR law passes in 1991, 

activated in 2006. 

May 2013 – 

Aug 2013 

/ 

Goal Peak hour avoidance Peak hour avoidance Peak hour avoidance SOV trip reduction VMT 

reduction 

Mode shift to transit 

Original 

transportation 

mode 

Bus and SOV By bike and by walk or 

vehicles when certain 

types of parking permits 

SOV  SOV SOV SOV 

Participants 14,000 employees of 

Infosys call center 

All Stanford University 

commuters who ride bike 

for commuting 

340 frequent morning 

rush-hour car 

commuters 

In 2010, approximately 

574,000 employees at 

roughly 1,100 worksites 

across urban growth areas 

in nine counties had access 

to employer CTR programs. 

78 initial 

participants, 61 

finished the 

test. 

23 drivers in 

experiment group 
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An additional 535,000 

commuters had access to 

services and programs 

offered through seven 

designated GTECs. 

Incentive 

format 

Credits and then credits 

are used for lottery for 

monetary prize 

Cash rewards Monetary reward and 

Smartphone reward 

Financial reimbursement Bonus 

payment 

Free on-month bus 

pass 

Highest 

possible 

incentive value 

per participant 

$200 per week / €7 per day for a €500 

Smartphone throughout 

the 13 week period 

Maximum annualized trip 

reduction price at $460 in 

the first round 

$40 per two 

weeks 

/ 

Some 

significant 

MOEs 

Average commuting time 

drop from 71min to 54 

min 

/ 50% reported departure 

time change, 15% shift 

to transit, only 14% 

returned to previous 

behavior. 

The final program results 

exceeded the trip reduction 

goal by 27%. 

Around 11% 

VMT 

reduction 

achieved. 

A 20% observed 

transit increase 
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2.1.3 Stick-carrot mixture: tradable credit scheme 

Now one may come up with the idea of combining stick and carrot together to make 

the policy more appealing to the general public compared  to purely sticks Additionally,  it 

won’t call for a large amount of jump start funds compared  to carrots. The aforementioned 

revenue redistribution can be interpreted as one of these hybrid approaches. In the stick-

carrot mixture applications, the amount of trips and Vehicle Miles Traveled (VMT), etc., 

are controlled in the form of allowances, permits or credits. TMC is one stick-carrot 

mixture that has attracted a considerable volume of research efforts in the last decade. 

Under TMC, incentives, in the form of sold credit gain, are given to those who travel less 

or are willing to alter their traffic behavior by avoiding peak hours or congested area. While 

on the other hand, the operating agency whips the stick toward those who travel a lot or are 

not willing/able to switch modes and shift departure times in the form of letting them buy 

credits from market.  

 The major underlining target of all tradable credit schemes is to eliminate or 

partially eliminate the negative externalities of certain social activities in a cost-effective 

manner. Note that the idea of tradable credits is not limited to transportation. The idea of 

tradable credits is originated from Dales (Dales 1968) in order to achieve water quality 

targets and this concept continues to be widely adopted in environmental management. As 

concluded by Sovacool (Sovacool 2011), such credit-based tools have been adopted by 

policy makers and researchers to regulate logging and forestry (Tripp and Dudek 1989), 

support sustainable fisheries (Dupont, Fox et al. 2005; Newell, Sanchirico et al. 2005; 

Sanchirico, Holland et al. 2006), eliminate leaded gasoline (Colby 2000), reduce acid rain 
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(Foster and Hahn 1995; Klier, Mattoon et al. 1997; Klaassen 1999; Menz and Seip 2004), 

and improve efficiency of food production and agriculture (Runge 1997).  One well-known 

example of a tradable credit scheme is the carbon credits trading in the European Union-

Emissions Trading Scheme (EU-ETS), which was launched in Jan, 2005, enabling EU 

countries to meet their Kyoto Protocol obligations. 

There are abundant sources on the modeling, analysis, evaluation and prospects of 

tradable credit. Comprehensive reviews on this issue can be found in (Springer 2003; 

Tietenberg 2003). Perdan and Azapagic (Perdan and Azapagic 2011) took an outlook of 

Emissions Trading Scheme (ETS) and argued that the emergence of new schemes, and the 

gradual enlargement, expansion and connection of the current ones will be the future of 

ETS. Continuing political support and a more stable economic environment are the must-

have conditions under which the link between current ETSs can be realized. Sovacool 

(Sovacool 2011) reviewed eight tradable permit markets and learned that the major 

challenges of the trading markets are: 1) compromises in program design; 2) transaction 

cost; 3) price volatility and 4) environmental degradation. 

The idea of trading credits and the TMC system has gradually branched from 

environment management to congestion pricing in the last two decades. Small (Small 1992) 

proposed a system of travel allowance for all commuters. Goddard (Goddard 1997) 

proposed that the tradable vehicle use permits as a cost-effective complement to 

technological abatement for mobile emission control. Verhoef, Nijkamp et al. (Verhoef, 

Nijkamp et al. 1997) explored the possibilities of using tradable permits in the regulation 

of road transport externalities. Some practical applications on both the demand side and 
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the supply side were also discussed. Viegas (Viegas 2001) pointed out that a scheme in 

which all local taxpayers receive as a direct restitution of their tax contribution a certain 

amount of “mobility rights” for private car driving and riding public transport usage will 

be an easily technologically applicable solution to control traffic. Kalmanje and 

Kockelman (Kalmanje and Kockelman 2004; Kockelman and Kalmanje 2005) proposed a 

CBCP approach and completed a detailed survey to assess the initial public response to 

CBCP policy. The conclusions drawn from the survey results are that 25% of the 

respondents support CBCP due to their familiarity with the concept of congestion pricing. 

Raux (Raux 2004; Raux 2007) offered comprehensive surveys of the tradable permits 

applications. Three advantages are shown of using a tradable credit instrument over 

congestion pricing. Using a tradable credit instrument: 1) a pre-defined quantitative 

objective is guaranteed to be attained 2) the issues of allocative efficiency are separated 

from the issues of equity 3) individuals have supplementary incentive to save trips travelled 

by private cars. 

In terms of theoretical development and mathematical modeling, Yang and Wang 

(Yang and Wang 2011) proposed a link-specific credit charging scheme for homogenous 

travelers by solving a Mathematic Programming with Equilibrium Constraints (MPEC) 

problem. Wang, Yang et al. (Wang, Yang et al. 2012) further considered heterogeneous 

travelers with differential Value Of Time (VOT). The problem was formulated as a 

Variational Inequalities (VI) problem. Nie (Nie 2012) thoroughly explored the effects of 

transaction costs (choose either “effects” of “impact”) on auction mobility credit markets 

and negotiated a mobility credit market. Wu, Yin et al (Wu, Yin et al. 2012) adopted a 
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MPEC model to capture the distributional impacts of tradable credit schemes on different 

income and geographic groups. Xiao, Qian et al. (Xiao, Qian et al. 2013) demonstrated the 

effectiveness of a tradable credit system in managing morning commute congestion with a 

time-varying credit charge. They proved that a combination of the initial credit distribution 

and an optimal credit charging can simultaneously achieve an optimum and certain form 

of equality. Similarly for the morning commute problem, Nie (Nie 2012) presented a step 

toll strategy, where there is a fixed toll in a pre-defined peak hour and a fixed offset in a 

designated off-peak hour. The author claimed the simplicity as one of the notable 

advantages. Wang and Yang (Wang and Yang 2012) proposed a modified bisection method 

for the trail-and-error implementation for a tradable credit scheme. Bulteau (Bulteau 2012) 

proposed a model based on a constant elasticity of substitution function that aims to 

determine the optimal quantity of permits leading to the desired environmental target. 

Shirmohammadi, Zangui et al. (Shirmohammadi, Zangui et al. 2013) considered the 

uncertainty associated with traffic supply and demand. The sensitivity analysis of the 

coupled network and market equilibrium was conducted to predict how credit price varies 

with respect to the perturbation associated with supply and demand. Zangui, Yin et al. 

(Zangui, Yin et al. 2013) came up with the idea of differential credit assignment based on 

the willingness of travelers to expose their privacy to the authorities. Travelers who are 

willing to disclose their privacy like their origin-destination, path choice and departure time 

would be assigned more credits. Ye and Yang (Ye and Yang 2013) examined the day-to-

day dynamics of traffic flow and credit price under the TMC system where  credits are 

traded in a free market. The evolution of network flows and credit price is captured in a 

continuous dynamics model in a finite time horizon. 
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A comprehensive comparison between various TMC schemes can be found in (Fan 

and Jiang 2013). Here we further provide a comprehensive comparison between existing 

theoretical accomplishments of TMC schemes in Table 2-2. TMC has not been 

implemented anywhere in real world so far. To overcome the difficulties in terms of 

coordination between different authorities, lack of road-pricing experience and technique 

support from analysis instruments, education and small-scale pilots of this scheme are the 

feasible next steps.  

TMC system may cause mental and/or behavior burdens to the traveling public, 

especially to those who regularly exceed mobility allowances. Therefore, from the 

standpoint of transportation authorities, it is much needed that a decision support analysis 

tool exists that could help analyze the complex interactions among stakeholders in the TMC 

system, and be able to predict the outcomes of various TMC policies. Most existing TMC 

studies are analytical models, requiring extensive simplification of the problem of interest 

in order for the problem to be modeled and solved by mathematical equilibrium models.  

While these methods afford their own technical merits, facilitating the 

understanding of macroscopic characteristics of the TMC systems, they suffer several 

drawbacks. For example: 

1) Agent heterogeneity is hard to apply; 

2) Analytical model-tested networks are extremely small; 

3) Existing analytical models don’t model trading market sufficiently. 
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Such drawbacks are the main reasons that this research turns to agent-based 

economic-transportation hybrid modeling approaches that aim to relax stringent 

assumptions such as homogeneity and to more flexibly model complex interaction among 

stakeholders in the TMC system. 
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Table 2-2: A comprehensive comparison between various theoretical works of TMC 

papers (Yang and Wang 

2011) 

(Wang, Yang et al. 

2012) 

(Nie 2012) (Nie 2012) (Wu, Yin et al. 

2012) 

(Xiao, Qian et al. 

2013) 

Prototype MPEC Variational inequality Vickrey’s 

bottleneck model 

MPEC MPEC Morning 

commute 

problem 

Commuter heterogeneous homogenous heterogeneous Homogeneous Homogeneous Heterogeneous Heterogeneous 

Initial endowment Uniform OD based / Uniform distributed in 

negotiation market 

OD/income based Various 

System operation/collection Link-based/static Link-based/static Congested link 

only/ step tolls 

/ Link-based Time-varying 

charging 

Trading market / / Market cleared Auction 

based/negotiation 

based 

/ / 

Elastic demand Yes Yes Elastic departure 

time choice 

/ / Departure time 

shift 

Equity issue untouched Pareto improving Touched/win-win 

outcome 

untouched touched Touched 
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2.1.4 The debates between “carrot” and “stick” 

When a person doesn’t pay enough for the negative impact of his/her behavior on 

others, it is called negative externalities. Drivers’ traffic behaviors, especially those rush 

hour drivers, introduce negative externalities to the whole society (Sheffi 1984). Pricing 

instruments are often presented as the one of the best choice when dealing with the problem 

of externalities (Galle 2012). Pigovian taxes and subsidies, or we can call them stick and 

carrot respectively, are standard tools for correcting behavior and inducing beneficial 

behavior (Galle 2012). Actually, sticks and carrots are seen everywhere when human 

behaviors that produce negative externalities need to be regulated, as seen in the areas of 

environmental protection and pollution control, etc. As aforementioned in previous 

sections, congestion pricing, IBTDM and TMC are considered to be stick, carrot and stick-

carrot mixture respectively in TDM applications using pricing instruments. 

Though almost all of the public policies that are in form of price instruments can 

be interpreted as either stick or carrot, prior efforts to distinguish between carrots and sticks 

for policy makers have generally been limited to the context of pollution regulation. For 

instance, Baumol (Baumol 1988) investigated the cost-effectiveness of taxes and subsidies 

in pollution control. Chang (Chang 1997) argued that the recommended carrot policy 

encourages greater environmental harm using a formal model of a signaling game. 

Outside the carbon-tax and carbon-subsidy application, Ayres (Ayres 2010) 

suggested differences between carrot and stick as policy tools emphasizing on framing 

between carrot and stick. Galle (Galle 2012) provided an interesting primer of the 

distinguishing properties between stick and carrot on the aspects of 1) revenues, 2) income 
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effects, 3) distributional consequence and 4) incentive. The author concludes stick as 

typically the better one of the two price tools - albeit not as clearly superior as other 

literature suggests. On the other hand, laws and politics push us strongly towards carrot. 

Another conclusion is that the combination of stick and carrot has the potential to solve 

any given social problem. 

2.2 Agent travel behavior 

Travelers are the most basic entities in the transportation realm and are the 

fundamental controlled experiment subjects. Under TMC circumstances, commuters make 

crucial decisions every day and those decisions all fall into two categories: traffic-related 

decisions and market-related decisions. Here in this section we specifically provide reviews 

of the route choice model which is the decision travelers need to make related to traffic. 

Random Utility based discrete choice Model or RUM (Small 1987) provides an 

economic interpretation of expected utility theory, upon which travel behavior modeling 

has been usually based. RUM has been developed considerably in the past three decades 

and specifically for route choice modeling (Ben-Elia and Shiftan 2010). In traditional RUM, 

the probability of a traveler to pick up a route within a route choice set is directly related 

to its utility which consists of various attributes such as travel time, travel time reliability, 

path overlapping, traveler age, income, etc. When only the deterministic travel time is 

selected as the only component when evaluating the utility of routes, travelers would 

always choose the shortest path (i.e., paths with the highest utility value) and therefore, it 

leads to the classic user equilibrium. 
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 According to the chronology constructed in (Ben-Elia and Shiftan 2010), Daganzo 

and Sheffi (Daganzo and Sheffi 1977) provided early discussion on the Multinomial Logit 

Model (MNL), followed by the C-logit model (Cascetta, Nuzzolo et al. 1996) to overcome 

the path overlapping issue, the IAP logit model (Cascetta, Papola et al. 1999) to deal with 

large dimensions of choice sets and the high overlapping among paths connecting the same 

OD, and the PS logit model (Ben-Akiva and Bierlaire 1999; Ramming 2001). There are 

also other flexible modeling structure including  the nested logit (Ben-Akiva and Lerman 

1985), the cross-nested logit model (Vovsha and Bekhor 1998) to overcome path 

overlapping issue, general-nested logit (Wen and Koppelman 2001) and the paired 

combinational logit (Chu 1989; Koppelman and Wen 2000), following the idea of 

generalized extreme value theorem (McFadden 1978). 

Recently, there are growing volume of researches interested on investigating the 

impact of the individual learning and experience’s role on route choice decision making 

process. Unlike in one-shot route choice, modeled learning travelers are capable of learning 

from their previous experience. Psychologists have long been aware of the “payoff 

variability effect”, which indicates high payoff variability moves choice behavior toward 

random choice. It occurs when a decision maker receives no specific information 

describing the possible outcomes of choices and has to rely on feedback from past 

experience (Busemeyer and Townsend 1993; Abdel-Aty, Kitamura et al. 1997; Erev and 

Barron 2005). In light of the concept of learning from experience (i.e., feedback from 

previous choices), Ben-Elia and Shiftan (Ben-Elia and Shiftan 2010) studied the impact of 

real time information. A traveler’s reinforced learning through feedback is emulated using 
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a mixed logit model. Slower learning speed is observed among non-informed participants. 

Along this line, Lu, Gao et al. (Lu, Gao et al. 2011) verified that the en-route real time 

information (i.e., travel condition direct downstream) encourages travelers’ strategic 

behavior at the origin while forgone payoffs (i.e., travel times on non-chosen routes) 

information appears to increase risk-seeking behavior. Feng and Head (Feng and Head 

2013) employed a  Bayesian learning process to mimic traveler’s evolution of perception 

towards different route choices as well as traffic information provided by other travelers or 

Advance Traveler Information System (ATIS). The route choice model considers learning 

from previous experiences, heterogeneity across different travelers, incomplete network 

information, and communication between commuters. The route choice model embedded 

in the proposed platform will be built upon the existing work of (Feng and Head 2013). 

2.3 Auction market mechanism and agent strategic bidding behavior 

Now let’s step out of transportation realm and take a look into the microeconomics 

part of TMC. The market is really the thing that sets TMC apart from any other TDM tools 

and a fit market structure and a simulator to mimic commuters’ market-related behaviors 

are essential for the proposed platform. To this extent we define a multiunit repeated double 

auction institution as the default credit transfer market that will be employed in the platform. 

Double Auction (DA) is one of the most common exchange institutions which has been 

extensively used in stock markets such as the New York Stock Exchange, commodity 

markets such as the Chicago Mercantile Exchange, and in markets for financial instruments, 

including options and futures (Gjerstad and Dickhaut 1998), due to its simplicity and yet, 

remarkable  robustness. In contrast to normal auction institutions, a double auction is a 



46 

 

process of buying and selling goods when potential buyers submit their bids (buy orders) 

and potential seller submit their asks (sell orders) simultaneously to an auctioneer. The 

auctioneer matches the buyers and sellers with respect to their bid/ask prices and the 

volume of unites they want to buy/sell, and determine the prices at which trades are 

executed (Parsons, Marcinkiewicz et al. 2006). Parsons, Marcinkiewicz et al. (Parsons, 

Marcinkiewicz et al. 2006) provides an excellent overview for microeconomics amateurs 

from an engineers’ perspective. The basic terminology, chronology, categorization, the 

measurement of performance, the market behavior and the trader behavior are all touched 

within this paper.  

How traders shout their bid/ask, or the price formation process under an auction 

institution, is the focal point of interest in our research. However, to derive personal 

reservation price in the auction is the first problem we need to cope with before developing 

price formation models. 

In microeconomics, reservation price in auction is the highest price a buyer is 

willing to pay for goods or a service; or the lowest price at which a seller is willing to 

accept to sell a good or service. Unfortunately, none prior TMC literature written by 

transportation researchers has ever emphasized on the microscopic market mechanism and 

therefore, no methodology has been proposed to derive personal Willingness To Pay (WTP) 

or Willingness To Accept (WTA). Given the fact that one possible trading market 

mechanism of TMC is already well-defined in previous paragraphs, we will extend prior 

efforts to develop a WTP/WTA estimation method for TMC schemes. 
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A considerable volume of literature is on trader price formation process in double 

auctions given a reservation price. As pointed out by Parsons, Marcinkiewicz et al. 

(Parsons, Marcinkiewicz et al. 2006), some of them are purely theoretical while some are 

validated against observed behavior in experiments. A substantial amount of articles on the 

Multiunit Double Auction (MDA) bid/ask strategy has been concluded in (Rust, Miller et 

al. 1994) and there was  a tournament, conceived and designed at the Santa Fe Institute, 

that created a large scale competition between program traders playing the roles of buyers 

and sellers in a computerized version of double auction market known as the Santa Fe 

Double Auction Market (Rust, Palmer et al. 1992; Rust, Miller et al. 1994). The first DA 

tournaments were held by the Santa Fe Institute in 1990, and a share of $10,000 was offered 

to the creators of the algorithm that could outperform others (Kinnear, Spector et al. 1999). 

Some of the entries are concluded in (Parsons, Marcinkiewicz et al. 2006). 

1) Kaplan: it is the winner of the tournament, and later known as “bid sniper” 

which is commonly seen in eBay nowadays. Kaplan buyer avoids making offers, 

preferring to wait until an offer is made by another trader that Kaplan can accept 

at a good profit. When the ask is approaching the end, Kaplan will jump in and 

steal the deal if it is profitable at the last second before the auction ends. 

2) GAMER: always makes offers that yield a 10% profit. 

3) Truthteller: simply makes offers at its reservation price. Truthteller is an ideal 

assumption researchers sometimes employ in auction related researches (Gode 

and Sunder 1993; Parsons, Marcinkiewicz et al. 2006) that traders simply place 

bid/ask based on their real private value and quantity with zero intelligent. 

http://www.santafe.edu/
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However, that is not the usual case in a real double auction institution. Due to 

the endowment effect (Knetsch 1989; Kahneman, Knetsch et al. 1990; 

Kahneman, Knetsch et al. 1991), traders tend to be “GAMER” rather than 

truthtellers. Sellers’ ask prices are somehow higher than their WTA while 

buyer’s bid prices are lower than their WTP. 

4) Max: uses past offers to compute the probability of an offer being accepted and 

then computing the expected value of possible offers. 

Friedman (Friedman 1991) proposed a model of price formation which employs the 

strong simplifying assumption that agents neglect strategic feedback effects and regard 

themselves as playing a game against nature. Agents firstly formulate a reservation price. 

Then, a buyer will make a bid if the highest bid is lower than its reservation price, 

increasing the bid slightly till the lowest ask allows a profitable trade. At that time, the 

buyer will accept it. Sellers have symmetrical behaviors. In the end, traders update their 

beliefs about possible offers by other traders in a Bayesian fashion, ignoring any effect that 

their own offers will have (Parsons, Marcinkiewicz et al. 2006). 

Gode and Sunder (Gode and Sunder 1993) used “zero-intelligence” (ZI) traders that 

act randomly within a structured market, to imply that convergence to the theoretical 

equilibrium price is determined more by market structure than by the intelligent agents of 

very limited relevance. If it is true, then there is limited relevance to develop the price 

formation process. However, several prior studies pointed out the average transaction 

prices of ZI traders can vary significantly from the theoretical equilibrium level when 

supply and demand are asymmetric (Cliff 1997; Cliff and Bruten 1997; Cliff and Bruten 
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1997; Cliff and Bruten 1998), and ZI traders can achieve near optimal only when the supply 

and demand curves are mirror-symmetric. Therefore, developing a bargaining mechanism 

is necessary and “zero-intelligence-plus” (ZIP) traders are introduced in (Cliff and Bruten 

1997) where they employ an elementary form of machine learning. Later, Chen (Chen 2000) 

pointed out that there is no reason why traders should behave like ZI simply because ZI 

traders might collectively generate allocative efficiency. Models with ZI or ZIP are 

unlikely to provide a good model for the understanding of human trading strategies. 

In lights of that, Gjerstad and Dickhaut (Gjerstad and Dickhaut 1998) proposed a 

price formation model for continuous DA that explicitly represents traders’ beliefs in 

whether  an offer will be accepted or not. The expected surplus, as well as the possibility 

that his offer will be accepted, is computed. Then the offer with the highest surplus is 

chosen. The possibility is computed by looking at previous offers and considering the 

distribution of those offers as an estimate of the probability that a future offer will be 

accepted at the same price. The model is called GD in the literature. As argued by Parsons, 

Marcinkiewicz et al. (Parsons, Marcinkiewicz et al. 2006), GD comfortably outperforms 

other trading mechanism while being somewhat complex to compute. 

Roth and Erev (Roth and Erev 1995) took the law of effect principle, built a model 

in which agents also construct a probability distribution over the set of possible offers, but 

do this by reinforcement learning – basically trying the offer and waiting to see if they are 

accepted, which call for long trading periods so that agents can be trained. Nicolaisen, 

Petrov et al (Nicolaisen, Petrov et al. 2001) further proposed the modified Roth-Erev (MRE) 

individual reinforcement learning algorithm. High efficiency is generally attained and the 
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market microstructure is strongly predictive for the relative market power of buyers and 

sellers, independently of the values set for the reinforcement learning parameters. MRE 

was designed for a wholesale electricity call market. 

Price formation on the basis of social mimicry learning via genetic programming 

(GA) algorithms is also worth mentioning. Chen (Chen 2000) emphasized the significant 

importance of evolution in which agents can evolve towards a higher degree of 

sophistication. Andrews and Prager (Andrews and Prager 1994) merely fixed one trader 

and used GA to evolve the trading strategies of only that trader, aiming to show whether 

GA helps an individual trader to evolve very competitive strategies given their opponents’ 

strategies. As argued in (Chen 2000), (Dawid 1999) is considered as the first agent-based 

computational model of DA market, in which a single-population generic algorithm is 

applied to buyers and sellers simultaneously. (Dawid 1999) is the first application of agent-

based model to DA markets but the evolution of bargaining strategies is not touched. Later, 

(Chen 2000; Chen and Yu 2011) applied population genetic programming to emulate the 

evolution of bargaining strategies in a competitive environment. Autonomous agents can 

discover and exploit novel strategies. 

To conclude, a fairly large body of literature is on the institutional configuration 

and price formation of traders in DA, while since the idea of TMC is still relatively fresh, 

no one has ever talked about the possible efficiency that the DA market can achieve if it 

can be applied as the market institution of TMC. Our research can fill the gap by defining 

DA as the TMC market institution. 
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2.4 Network Loading 

As defined in (Chiu, Bottom et al. 2010), network loading module tackles the 

problem that when a set of route choices, i.e., routes and route flows, is given, what are the 

resulting route travel times. The dynamic network loading models can be usually divided 

into three categories: analytical approaches in which the “exit functions” are typically used 

to predict how traffic propagates in the network; simulation-based approaches that usually 

use some type of mesoscopic simulation strategy that represents changes in traffic flow at 

a resolution of 5~10 seconds; and the hybrid models of the two approaches above. 

DynusT (DYNamic Urban Systems for Transportation) can be categorized as a 

simulation-based approach. It is a dynamic traffic simulation and assignment software and 

also  a simulation-based DTA model capable of performing mesoscopic network loading 

and assignments for large-scale, regional networks for long time periods (e.g. 24-hr or 

greater). DynusT consists of two major components: traffic network loading and traffic 

assignment. The network loading model is based on Anisotropic Mesoscopic Simulation 

(AMS). AMS is a vehicle-based mesoscopic simulation approach that explicitly considers 

the anisotropic property of traffic flow into the vehicle state update at each simulation step 

(Chiu, Zhou et al. 2010). The speed of each vehicle is influenced by vehicles that are in 

front of it, both in the same lane and adjacent lanes. A Speed Influencing Region (SIR) is 

defined to calculate the number of influencing vehicles. The vehicle’s prevailing speed is 

dependent on the vehicle density in the SIR. Recently, a lane-changing model (Tian and 

Chiu 2012) was added to AMS to depict the simulation in a greater level of details. 

2.5 Agent-Based Modeling and Simulation 
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Agent-Based Modeling and Simulation (ABMS) evolved from artificial 

intelligence and computer science, but is now being developed independently in research 

centers throughout the world (Zheng, Son et al. 2013). ABMS is a very useful tool in 

modeling the behaviors of individuals in a diverse population, or the relationships and 

interactions among individuals. It has been widely applied to a variety of disciplines 

including ecological, biology, business, economic science, computer simulation, social 

sciences, political science, policy and military studies. The main roots of ABMS are in 

modeling human social and organizational behavior, and individual decision making 

(Bonabeau 2002). ABMS determines and assumes simple behavior rules or rationings but 

is capable to create complex societies in a bottom-up manner. ABMS represents and 

analyzes complex problems far beyond the reach of mathematics or traditional modeling 

tools. 

As stated by (Macal and North 2010), ABMS is originated from the investigation 

into complex systems (Weisbuch and Ryckebusch 1991), complex adaptive systems, and 

artificial intelligence (Langton 1989). Ever since then, the interests on ABMS continues to 

grow with the appearance of several well know toolkits such as SWARM (Bonabeau, 

Dorigo et al. 1999), NetLogo (NetLogo website 2013), AnyLogic (AnyLogic website 

2013), Repast (Repast website 2012), etc. ABMS has been adopted to carry out social 

science (Gilbert and Terna 2000), model supply chain dynamics (Swaminathan, Smith et 

al. 1998; Macal 2003), understand organizational psychology (Hughes, Clegg et al. 2012), 

simulate engineering teamwork (Crowder, Robinson et al. 2012), analyze  consumer 
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behaviors (Said, Bouron et al. 2002), investigate friendships in social networks (Singer, 

Singer et al. 2009), evaluate emission models (Aschwanden, Wullschleger et al. 2012), etc. 

ABMS is particularly appropriate for modeling systems in which human decision 

making and action are a critical component (Bernhardt 2007). And the concept of an agent 

is well suited for travelers in traffic scenarios (Wahle, Bazzan et al. 2002). According to 

the agent features listed in (Macal and North 2010), the individual roadway travelers, as 

well as the transportation firms within the tradable credit environment, are all self-

contained and autonomous. They sense information (e.g., tradable credit policy or incentive 

policy) and translate it into actions. Their states vary over time, and they are social and 

have dynamic interactions with other agents. They are the perfect examples of the “agents” 

and can be modeled under the ABMS framework. ABMS will be designed to be adopted 

to mimic the traveler reactions in this research, i.e., daily decisions about travel behaviors 

and bidding behaviors. 

A variety of other transportation problems including highway traffic, pedestrian 

movements, and travel demand modeling have been modeled and simulated by adopting 

ABMS. Zheng, Son et al. (Zheng, Son et al. 2013) offers a comprehensive overview of the 

ABMS applications in transportation realm. 

Route choice is one sub-domain to which ABMS has been widely applied. Dia (Dia 

2002) presented an agent-based approach to model individual driver behavior under the 

influence of real-time traffic information. Commuters’ responses to travel information 

were analyzed and a number of discrete choice models were developed to determine the 



54 

 

factors influencing drivers’ behaviors. Wahle, Bazzan et al. (Wahle, Bazzan et al. 2002) 

also investigated drivers’ responses when ATIS is introduced.  

In terms of tactical lane changing and car-following model, Hidas (Hidas 2002) 

presented Simulation of Intelligent TRAnsport Systems (SITRAS), an agent-based traffic 

simulation designed to evaluate ITS applications such as congestion and application 

management. A detailed lane changing and merging algorithm was particularly developed 

in SITRAS. Louisell (Louisell 2006) modeled driver behavior when approaching the work 

zone. Peeta, Zhou et al. (Peeta, Zhou et al. 2004) modeled the interactions between cars 

and trucks. 

As for pedestrians, Kukla, Kerridge et al. (Kukla, Kerridge et al. 2001) proposed 

PEDFLOW, which is a microscopic model of pedestrian’s movements. In PEDFLOW, a 

single rule set that is made for each specific agent by the incorporation of parameters 

characterizing types of pedestrians are used. Xi et al. (Xi, Lee et al. 2011; Xi and Son 2012) 

proposed a microscopic two-level simulation modeling framework to analyze both 

decision-making processes at a crosswalk as well as physical interactions among 

pedestrians when they cross a street. 

TRANSIMS is a widely known agent-based model for traffic simulation. It is an 

open source, integrating transportation modeling and simulation toolboxes for regional 

transportation system analysis. It is designed to assist transportation planners in analyzing 

accurate and complete information on traffic impacts, congestion, and pollution. It was 

originally developed by Los Alamos National Laboratory for the U.S. Department of 
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Transportation, and has been continuously supported and improved. Presently, Travel 

Model Improvement Program (TMIP) sponsors the research and development of 

TRANSIMS. 

Travel demand modeling is another domain that ABMS has been applied. Zhang 

and Levinson (Zhang and Levinson 2004) developed an agent-based travel demand model 

in which travel demand emerges from the interactions of three types of agents in the 

transportation system: node, arc, and traveler. Simple local rules of agent behaviors are 

shown to be capable of efficiently solving complicated transportation problems such as trip 

distribution and traffic assignment. Feng and Head (Feng and Head 2013) proposed a 

hierarchical agent-based simulation framework with route choice behavior on the upper 

level and tactical driving behaviors (e.g., lane changing and car following) on the lower 

level and included the drivers’ interactions with transportation network. The route choice 

model considers learning from previous experiences. The entire framework is implemented 

in AnyLogic software. Zhang et al. (Zhang, Chang et al. 2012; Zhang, Mollanejad et al. 

2013) proposed frameworks to integrate agent-based departure-time choice models with 

DynusT and TransModeler. 
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3 METHODOLOGY 

Two major types of agents are involved in a TMC system; they are policy makers 

and travelers. In this dissertation research, we refer to a policy maker as a Central Authorize 

Agent (CAA) which is in charge of governing the daily operation of the TMC system. 

Generally speaking, CAA uses both the tools of traffic policies and market to manage 

traffic demand. Travelers play two distinct roles in the TMC system as commuters and 

traders, respectively. Therefore, by dividing the whole system into traffic and market 

domains, travelers and CAAs interact with each other in two ways, 

1) Commuters learn and adopt individual travel behavior including route choice 

and trip reduction decision in according with the credit charging and credit 

endowment policies published and conducted by the CAA. At the same time, 

the CAA adjusts policies in order to achieve a better level of service of the 

traffic network based on the network performance. A traffic simulator serves as 

the environment depicting all the interactions. 

2) Traders (same as travelers but termed as traders in TMC market) learn and adopt 

strategic bidding behaviors to reflect the market mechanism enforced by CAA. 

CAA adjusts market mechanisms on the basis of market performance. 

Figure 1-1 presents the major components of the integrated platform. In this section, 

we present a prototype TMC system named prototype-A, in which a prototype market and 

a set of prototype credit policies are defined. The rest of this section is structured as follows: 

section 3.1 presents the methodology of traffic related components which are component 
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A, B, and C as shown in the upper part of Figure 1-1. Section 3.2 presents methodology of 

market related components which are component D, E and F shown in the bottom part of 

Figure 1-1. 

3.1 Traffic-related components 

3.1.1 Component A: Credit charging and endowment 

Around half dozen of credit initial endow schemes have been proposed in previous 

analytical articles while two of them stand out, appearing to be more rational and 

reasonable than others. They are 1) uniform endowment and 2) OD specified endowment 

(Yang and Wang 2011; Wang, Yang et al. 2012; Wu, Yin et al. 2012). Review on the credit 

distribution schemes can be found in (Fan and Jiang 2013). Prototype-A will use uniform 

endowment strategy. 

Similar to endowment strategies, a bunch of charging schemes are also proposed 

such as link-based, OD-based, VMT-based and so on (Yang and Wang 2011). Detailed 

review and genealogy of charging scheme of TMC can be found in (Fan and Jiang 2013). 

Link-based scheme is applied in prototype-A. 

First-best analysis suggests that if all links can be tolled, a “no-queue” charging is 

the optimal for each link on a network (De Palma, Kilani et al. 2005). Therefore, a 

continuous time varying credit charging (the “fine” toll) is applied to eliminate queuing in 

order to potentially achieve system optimal. However, it may not be optimal to eliminate 

queuing everywhere on a network. Meanwhile, it might be impractical to vary charges 

continuously since it is unlikely that drivers could time their trips with corresponding 
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precision (De Palma, Kilani et al. 2005). With those caveats being said, the credit charging 

is a simple and intuitive policy that may, in practice, yield most of the potential welfare 

gains. Inspired by (De Palma, Kilani et al. 2005), the charging adjusting procedure for link 

k is in an iterative pattern taking the form  

𝐶𝐶𝑡.𝑘
𝑖+1 = 𝑀𝐴𝑋[0, 𝐶𝐶𝑡,𝑘

𝑖 + 𝜆 ∗ 𝑉𝑂𝑇 ∗ 𝑓𝑓𝑡𝑡𝑘 ∗
𝑘𝑡,𝑘

𝑖−𝑘_𝑚𝑎𝑥𝑘

𝑘_𝑚𝑎𝑥𝑘
/𝑝] (3-1) 

Where 𝐶𝐶𝑡.𝑘
𝑖+1

 is the levied credit amount on link k in time-of-day interval t on 

iteration (day) 𝑖 + 1, 𝜆 ∈ (0,1] is an adjustment factor, VOT is the value of time, 𝑓𝑓𝑡𝑡𝑘 is 

the free flow travel time of link k, 𝑘𝑡,𝑘
𝑖
 is the density on link k in interval t on simulation 

iteration i, 𝑘_𝑚𝑎𝑥𝑘 is the maximum density of the link above which queuing occurs. 𝑝 is 

the credit market price. In numerical experiment, 𝐶𝐶𝑡.𝑘
𝑖+1

 is been updated every 10 

minutes. 

3.1.2 Component B: Traffic simulator 

The existing traffic simulation module in DynusT is adopted as the traffic simulator 

of the integrated TMC platform. The simulation module applies the concept of Anisotropic 

Mesoscopic Simulation (AMS), which is a vehicle-based mesoscopic traffic simulation 

approach that explicitly considers the anisotropic property of traffic flow into vehicle state 

updated at each simulation step, with the capability of addressing a variety of uninterrupted 

flow conditions in a relatively simple, unified and computationally efficient manner. 

DynusT traffic simulator is modified in this study so that it keeps track of the daily credit 

consumption of each vehicle. 
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3.1.3 Component C: Route choice decision and trip reduction decision 

3.1.3.1 Route choice 

Most of the traditional deterministic User Equilibrium (UE) traffic assignment 

approaches assume homogeneity across travelers and complete network information 

acknowledgement but this assumption may not exist in the real world. Commuters have 

different values of time, different previous travel experience, as well as different levels of 

accessibility towards network information. Agent-based modeling is an ideal modeling 

framework to handle such a complex problem in which the diversity of individual 

behaviors needs to be considered. The following Figure 3-1 presents the difference between 

standard dynamic traffic assignment using microscopic or mesoscopic simulation and 

ABMS route choice model. In microscopic simulation, there are individuals but they don’t 

have any memory of previous choices and they have a completely independent set of 

choices from the previous iteration. While in an ABMS concept, the state of the individual 

is not only a function of the network conditions, it’s also a function of his/her memories 

and experiences as the dash lines show. 
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Figure 3-1: Difference between standard dynamic traffic assignment and ABMS route 

choice model 

The route choice module utilized in this research is built upon the agent-based day-

to-day route choice model developed by Feng and Head (Feng and Head 2013). A Bayesian 

learning process is employed to mimic traveler’s evolution of perception towards different 

route choices as well as traffic information provided by other travelers or ATIS. The route 

choice model considers learning from previous experiences, heterogeneity across different 

travelers, incomplete network information, and communication between commuters. 

Now suppose 𝐺𝐶𝑗
𝑛

 is the experienced generalized cost of the jth route on nth day 

(this means this commuter agent chooses route j on the nth day) and 𝐺𝐶𝑚𝑖𝑛
𝑛

 is the 

travelers perceived minimum generalized cost on the nth day for his/her corresponding 
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Origin-Destination-Departure time (ODT) pair. The following three rules can be defined 

to mimic commuter agents’ decision making process: 

RULE 1: if 𝐺𝐶𝑗
𝑛

=𝐺𝐶𝑚𝑖𝑛
𝑛

 then the traveler agent doesn’t change route on (n+1)th 

day. 

RULE 2: if (𝐺𝐶𝑗
𝑛

-𝐺𝐶𝑚𝑖𝑛
𝑛

) ≤ ɛ then the traveler agent doesn’t change route on 

(n+1)th day, where ɛ is a threshold related to the perception error. 

RULE 3: if (𝐺𝐶𝑗
𝑛

-𝐺𝐶𝑚𝑖𝑛
𝑛

) > ɛ then the traveler agent considers changing route 

and the choice probability is based on the posterior probability given the route 

choice and experienced generalized cost. 

Iteration by iteration, new route is introduced into the route choice pool and a 

Dirichlet parameter 𝐷𝑗  is kept updated for each route j based on the route’s generalized 

cost performance. Initially in the iteration that route j is firstly introduced,  

𝐷𝑗 = (
𝐺𝐶𝑚𝑖𝑛

𝐺𝐶𝑗
) ∗ 𝐷𝑚𝑖𝑛 (3-2) 

Where, 𝐷𝑚𝑖𝑛 denotes the Dirichlet parameter of the route with the minimum 

general cost. 

For all the following iterations, 
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Dj

= {
𝐷𝑗 +

1

𝑛
    𝑖𝑓 𝑟𝑜𝑢𝑡𝑒 𝑗′𝑠 𝐺𝐶 𝑖𝑠 𝑙𝑜𝑤𝑒𝑟 𝑡ℎ𝑎𝑛 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑑𝑎𝑦′𝑠 𝑒𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒𝑑 𝑟𝑜𝑢𝑡𝑒

𝐷𝑗            𝑖𝑓 𝑟𝑜𝑢𝑡𝑒 𝑗′𝑠 𝐺𝐶 𝑖𝑠 𝑙𝑜𝑤𝑒𝑟 𝑡ℎ𝑎𝑛 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑑𝑎𝑦′𝑠 𝑒𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒 𝑟𝑜𝑢𝑡𝑒
 

(3-3) 

Where n denotes the amount of routes that performs better than current day’s 

experienced route. 

Then, a Multinomial Logit (MNL) model is applied when commuters choose to 

change routes in the case that the criteria of rule 3 is met. The probability that route j is 

chosen will be: 

𝑃𝑗 =
𝑒𝑥𝑝 (𝐷𝑗 ∗ 𝐿)

∑ 𝑒𝑥𝑝 (𝐷𝑖 ∗ 𝐿)𝑖
⁄  

(3-4) 

Where 𝐿 is the learning parameter. 

3.1.3.2 Trip Reduction 

One of the primary goals of a TMC system is to reduce total trips made by personal 

cars as well as vehicle mileage traveled so that the desirable level of service can be 

delivered. In order to better understand the impact of TMC policy on commuter decision 

making process, it is assumed that credit balance is the only factor commuters consider 

when deciding whether to use their personal car for commuting or not. Under the regulation 

of TMC policies, commuters are allowed to make auto trips only when they have a positive 

balance in TMC account. No auto trips can be made if the commuter holds zero or a 

negative balance. Failure to do so results to a penalty of $B per unit of credit. If one holds 
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non-positive balance, his/her trip should be either cancelled or s/he should shift to carpool, 

transit, etc. 

Besides, a relatively high utility is attached to each trip in the model. Therefore, 

any trip cancellation will result to a large utility reduction. If credit balance allows, travelers 

won’t cancel their trips. 

3.2 Market-related Components 

A market within which commuters are allowed to transfer mobility credits is one 

of the most attractive places to observe the evolution of commuter agents’ behavior and to 

illustrate how heterogeneous bounded rational agents’ microscopic behavior rules help 

replicate the macro-dynamics of the complex real world scenario. In the market module, 

agents previously known as commuters in traffic modules are now acting as traders. This 

section is structured as follows: section 3.2.1 presents the market microstructure as well 

the policy maker’s decision making process. Section 3.2.2 presents the model to predict 

traders’ bidding behavior given the proposed market structure. 

3.2.1 Component D & E: Market microstructure 

There are sellers, buyers, as well as the market operator involved in the market-

related affairs. A static MDA system would fit well for this particular situation (Parsons, 

Marcinkiewicz et al. 2006). Double Auction (DA) has long been favored in major financial 

markets including the New York Stock Exchange, commodity markets such as the Chicago 

Mercantile Exchange, and in markets for financial instruments, including options and 

futures (Gjerstad and Dickhaut 1998). In contrast to normal auction institutions, a double 
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auction is a process of buying and selling goods when potential buyers submit their bids 

(buy orders) and potential sellers simultaneously submit their asks (sell orders) to an 

auctioneer. The auctioneer matches the buyers and sellers with respect to their bid/ask price 

and the number of units, and determines the prices at which trades are executed. 

Several methods to categorizing MDA have been identified in Section 2.3.One of 

these methods categorizes MDA into periodical (i.e., clearinghouse DA) and continuous 

ones (CDA). In clearinghouse double auction, traders participate periodically (once a day 

in our research topic) in auction rounds. Buyers and sellers submit price and quantity offers 

simultaneously to a clearinghouse, attempting to maximize their profit. At the end of each 

auction round, the clearinghouse matches bids and asks received during the round in 

accordance with publicly known protocols, and reports these matches back to traders 

(Nicolaisen, Petrov et al. 2001). 

In clearinghouse, orders are maintained in an order book in bid and ask priority 

queues. In a bid queue, bids are ordered by price; the highest bid is at the front of the queue. 

Asks are ordered similarly, but with priority given to the lowest priced ask. Table 3-1 

provides a detail look of a sample order book. Suppose the order book with a total of 9 

commuters/traders is built at the end of the day. What the auctioneer needs to do is to first 

check whether trader 1’s bid price is higher than trader 9’s ask price. If so, there is a 

possible match between trader 1 and trader 9. The next step is to check whether trader 9’s 

quantity can fulfill trader 1’s demand, if so, a trade is executed in which trader 9 sells 35 

units of mobility credits to trader 1. Similar steps are repeated till either bid order book or 

ask order book is cleared. If bid order book clears first, then the market clearing terminates, 



65 

 

sellers with unfulfilled supplies either still carry those credits without transaction, or sell 

unwanted credits to a credit agency. If seller book ends first, then buyers do the same thing.  

We use the market equilibrium price as the price for all trades (i.e., the intersection 

of the supply curve and the demand curve as shown in Figure 3-2). 

 

Figure 3-2: Illustrative supply and demand curves and equilibrium price for a double 

auction 

Table 3-1: Sample order book 

Bid order book Ask order book 

ID Oty. Price ID Oty. Price 

1 35 1.54 9 55 0.84 

4 50 1.45 2 45 0.99 
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6 35 1.27 5 150 1.10 

3 100 1.04 7 110 1.15 

8 30 0.93    

We will present a type of market structure named prototype-A in this section which 

is adopted as the market mechanism for TMC system. Clearinghouse is adopted as the 

auction market micro-structure in prototype-A, with three major rules stated prerequisite, 

1) Commuters can make auto trips as long as s/he has positive credit balance in 

his/her account just before their trips; 

2) If a commuter consumes more credits than what s/he possesses (e.g., carries a 

negative balance after one trip), s/he needs to purchase credits from either credit 

seller agents or from the CAA to erase the negative balance after s/he finishes 

the trip that introduces the negative balance. Otherwise, a penalty $𝐵 per unit 

of credit will be enforced; and 

3) If the current day is the end of the endowment circle, credits cannot be 

transferred through market. Leftover credits are automatically sold to CAA at 

recycle price S, so no one can gain by banking or stocking credits for the future. 

Another MDA type that is opposite to clearinghouse is continuous MDA (CDA). 

There is no specific time for clearing in CDA. Traders can choose to accept a bid or ask, 

and then update their allocation, at any time point in non-institutional trade-determination. 

While in institutional trade-determination, the institution has to try to clear the auction any 

time a new bid or ask is made by a trader (Parsons, Marcinkiewicz et al. 2006). As 
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(Friedman 1993) noted, the New York Stock Exchange changed from a clearinghouse to a 

CDA in 1860s due to the increasing volume of orders then. Due to the limited time, only 

clearinghouse will be explored in prototype-A. 

According to the taxonomy in (Parsons, Marcinkiewicz et al. 2006), prototype-A is 

rooted in traditional clearinghouse multiunit double auction with the major characteristics 

stated as follows  

1) Is repeated (i.e., not a one-shot auction), 

2) Is periodic (i.e., fixed transaction time, can be also called “call market” or 

“clearinghouse”), 

3) With institutional price-setting (i.e., price-setting mechanism defined by 

institution but not the further negotiation between buyer and seller) and institutional 

trade-determination (i.e., trader whose bid and ask cross must trade immediately), 

4) With unmatched asks and bids deleted for periodic case, 

5) A uniform market equilibrium price is used as the transaction closing price. 

One distinct property of prototype-A is that we allow CAA to act as a super trader 

in the market aside from the role of auctioneer. CAA is allowed to trade credits in a 

different manner as compared to other commuter traders. CAA buys credits (i.e., recycle 

credits as shown in Figure 3-3) from potential sellers at a low recycle price S and sells 

credits (i.e., reallocate credits as shown in Figure 3-3) to potential buyers at a high 
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reallocation price B. It is also assumed that CAA has unlimited credit supply. Note that this 

role of super trader can also be fulfilled by organizations in charge of the daily operation 

and maintenance of the TMC market other than CAA. Figure 3-3 shows the eligible credit 

flow directions within the market. 

Such a specific super trader policy in prototype-A distinguishes it from other 

multiunit double auction mechanism and it is proposed for one major reason. The citizen’s 

right of mobility is one of the most fundamental human rights and it cannot be entirely 

deprived from the public. If this super trader policy is not implemented, there might not be 

enough credit supply for potential buyers in extreme cases where credit demand is much 

higher than credit supply. To conclude, super trader policy serves as a back-up system in 

case the ratio between supply and demand of credits is extremely low. 

Aside from that objects, super trader policy is also an innovative revenue raising 

mechanism for CAA such that CAA is able to collect revenue to cover daily operation and 

maintenance costs and therefore the whole TMC system can be financial sustainable1. 

Meanwhile, super trader policy also sets a rational hard bound for credit price to prevent it 

from being too high or too low which is in favor of either the group of buyers or the group 

of sellers. As one can tell, with the super trader policy, the listed bid and ask prices will be 

between the relocation price S and the recycle price B. B and S are fixed at certain levels in 

the prototype market presented in this proposal. 

                                                 

1  Alternative solution to raise revenue could be collecting revenue in format of 

transaction fee. 
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Buyer Seller

CAA

Clearinghouse double auction

Reallocation Price B Recycling Price S

 

Figure 3-3: Credit flow direction in market 

3.2.2 Component F: Trader behavior 

CAA sets up policies and rules, while traders adopt behaviors according to those 

rules. It is crucial to propose a model to predict traders’ strategic bidding behavior in order 

to estimate the performance and impact of market policies. This section presents the 

procedures to predict traders’ offer formation. 

3.2.2.1 Buying or Selling Decision 

As a commuter agent, three questions s/he needs to answer when making bidding 

decisions are: 1) whether to buy or sell? 2) what is the amount of credits I should buy/sell? 

And 3) at what price should I shout my offer? In order to answer the first question, one 

needs to conduct a simple individual level supply/demand check. Let 𝑇 denote the credit 

endowment circle, 𝑡 denotes the amount of days already passed in current TMC circle, 𝑡𝑖′ 

denotes the amount of days within the already passed 𝑡 days that commuter 𝑖 makes auto 

trips, 𝑘𝑖.𝑡 denotes the total amount of credits spent up to today (𝑡th days in current circle) 
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for the commuter 𝑖 and 𝐾𝑖.𝑡 denotes the total amount of credits s/he ever possesses up to 

today, including the initially endowed credits and the credits transferred from other agents. 

Three simple rational rules are defined here to handle different individual supply/demand 

ratio categories to determine whether the commuter is a potential buyer or a potential seller 

on this certain day. 

RULE 1: if 𝛫𝑖.𝑡 < 𝑘𝑖.𝑡, then this commuter agent is marked as a rigid buyer who 

holds a negative balance in his/her credit account. For rigid buyers, mobility credits become 

their rigid demand since according to the second market rule, they need to purchase credits 

from other traders or CAA so that the negative balance can be erased and auto trips can be 

made for the following days.  

RULE 2: if 
𝛫𝑖.𝑡−𝑘𝑖.𝑡

𝑇−𝑡
≤

𝑘𝑖.𝑡

𝑡𝑖′
, but 𝛫𝑖.𝑡 > 𝑘𝑖.𝑡 ,  then traveler agent 𝑖  is marked as a 

potential flexible buyer. Note that the left hand side part of the above inequality represents 

the average daily supply for the remaining days in current endowment circle, while the 

right hand side stands for the experienced average credit consumption per auto trip. For a 

flexible buyer, s/he doesn’t hold negative balance. However, if s/he want to take auto trips 

for all the remaining days in current circle, s/he is expected to purchase some back up 

credits. 

RULE 3: if 
𝛫𝑖.𝑡−𝑘𝑖.𝑡

𝑇−𝑡
>

𝑘𝑖.𝑡

𝑡𝑖′
, then this traveler agent is marked as a potential seller 

since according to his/her previous experience, his/her current credit balance exceeds the 

amount that is needed for him/her to make auto trips for all the remaining days. 
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3.2.2.2 Individual reservation price 

After determining the roles (buyer or seller) of commuter agents in the market, the 

next step is to derive the number of units s/he wants to buy/sell, and at what price. However, 

we are also eager to know the Willingness To Pay (WTP) of buyers and the Willingness 

To Accept (WTA) of sellers with respect to the quantity of wanted units, which is actually 

their private reservation price. 

A person’s WTP for an item shows the dollar value s/he attaches to it. (Breidert, 

Hahsler et al. 2006) provided a comprehensive review of a huge variety of competing 

approaches for measuring consumers’ WTP. Here we propose a model to derive the 

relationship between the quantity of wanted credits and WTP. WTP actually represents the 

marginal benefit one unit of good can bring in assuming one already possesses certain 

amount of goods. In the tradable mobility credits problem, the TMC circumstance is 

already well-defined with specific protocols given. Therefore, we can somehow derive 

WTP by obtaining marginal benefit curve. 

Now let’s try to solve a simple problem here: Assuming it’s already just one day 

ahead of the end of current endowment circle (i.e., one day left in current circle), a rigid 

buyer is trying to buy α units of credits, aiming to make a final auto trip for the last day as 

well as to erase the negative balance in his/her account, what is the marginal benefit if s/he 

buy α units of credits? Assuming according to this commuter’s previous experience, the 

daily credit expense 𝑥~𝑁(𝜇, 𝜎2). 
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If α < 𝑘𝑖.𝑡 − 𝛫𝑖.𝑡, the total benefit α units of credits yield is 𝛼𝐵 because each unit 

of credit helps to lower down the negative balance penalty by $𝐵. And therefore, the 

marginal benefit is 𝐵, which is the reallocation (sell) price of CAA. 

If α ≥ 𝑘𝑖.𝑡 − 𝛫𝑖.𝑡, let α′ = α − (𝑘𝑖.𝑡 − 𝛫𝑖.𝑡), which is the credits left for making the 

final auto trip. The total benefit 𝐵𝑒𝑛 can be derived by: 

𝐵𝑒𝑛 = (𝑘𝑖.𝑡 − 𝛫𝑖.𝑡) ∗ 𝐵 + ∫ 𝑓(𝑥)[(𝛼’ − 𝑥) ∗ 𝑆]𝑑𝑥

𝛼‘

−∞

− ∫ 𝑓(𝑥)[(𝑥 − 𝛼‘)𝐵]𝑑𝑥

+∞

𝛼’

+ 𝐴 (3-5) 

Where 𝐴 denotes the benefit the final auto trip yields. S denotes the recycle price 

of CAA, 𝑓(𝑥) is the PDF of 𝑥. 

The first part of 𝐵𝑒𝑛 is the benefit (𝑘𝑖.𝑡 − 𝛫𝑖.𝑡) amount of units yields. The second 

part represents the benefit 𝛼‘ credits can introduce in case the credit charge for the final day 

is lower than 𝛼′. The third part denotes the benefit in case 𝑥 > 𝛼′. By calculation, 

𝑑𝐵𝑒𝑛

𝑑𝛼
= 𝐵 − (𝐵 − 𝑆) ∗ 𝛷(

𝛼′ − 𝜇

𝜎
) (3-6) 

Figure 3-4 shows a sample marginal benefit curve for a rigid buyer one day ahead 

of the ending of endowment circle, giving that 𝑘𝑖.𝑡 − 𝛫𝑖.𝑡 = 20 𝑐𝑟𝑒𝑑𝑖𝑡, 𝜇 = 10
𝑐𝑟𝑒𝑑𝑖𝑡

𝑑𝑎𝑦
, 𝜎 =

1
𝑐𝑟𝑒𝑑𝑖𝑡

𝑑𝑎𝑦
, 𝐵 =

$2

credit
, S =

$0.6

credit
. 
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Figure 3-4: A sample WTP curve one day ahead of endowment circle for a rigid buyer 

Similar analysis can be conducted for flexible buyers on the last but one day of the 

endowment circle. It turns out that Eq. (3-6) still holds for flexible buyers. 

Following the same analysis procedure, if there are still 𝑛 days left in current TMC 

circle and the total credit expense for all the following 𝑛  days, 𝑥𝑛~𝑁(𝑛𝜇, 𝑛𝜎2). The 

buyer’s WTP can be derived as 

𝑑𝐵𝑒𝑛

𝑑𝛼
= 𝐵 − (𝐵 − 𝑆) ∗ 𝛷(

𝛼′ − 𝑛𝜇

𝑛𝜎
) (3-7) 

Where α′ = α − (𝑘𝑖.𝑡 − 𝛫𝑖.𝑡). 

Notes that WTP is also constrained by an individual’s budget. One may also need 

to draw a budget curve in the diagram to construct the full perception of individual WTP. 
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Assuming there is one day left in current circle and a commuter has $40 TMC budget left, 

the lower bound of both marginal benefit curve and budget curve represents the WTP curve. 

 

Figure 3-5: WTP curve and budget curve 

Unlike WTP, WTA is not bounded by the personal budget. And thus, it can be 

directly derived by calculating marginal loss of sellers. 

The loss of a seller if s/he sells 𝛼 units of credits n days ahead of the TMC circle 

ends is 

𝐿𝑜𝑠𝑠 = − ∫ 𝑓(𝑥)[(𝛼’ − 𝑥) ∗ 𝑆]𝑑𝑥

𝛼‘

−∞

+ ∫ 𝑓(𝑥)[(𝑥 − 𝛼‘)𝐵]𝑑𝑥

+∞

𝛼’

 (3-8) 

Where 𝛼‘ = (𝛫𝑖.𝑡 − 𝑘𝑖.𝑡) − 𝛼, 𝑥~𝑁(𝑛𝜇, 𝑛𝜎2). Therefore, we have 
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𝑑𝐿𝑜𝑠𝑠

𝑑𝛼
=  𝐵 − (𝐵 − 𝑆) ∗ 𝛷(

𝛼′ − 𝑛𝜇

𝑛𝜎
) (3-9) 

Figure 3-6 shows a sample WTA curve for a seller one day ahead of the ending of 

endowment circle, giving that 𝛫𝑖.𝑡 − 𝑘𝑖.𝑡 = 20 𝑐𝑟𝑒𝑑𝑖𝑡, 𝜇 = 10
𝑐𝑟𝑒𝑑𝑖𝑡

𝑑𝑎𝑦
, 𝜎 = 1

𝑐𝑟𝑒𝑑𝑖𝑡

𝑑𝑎𝑦
, 𝐵 =

$2

credit
, S =

$0.6

credit
 . 

 

Figure 3-6: Sample WTA curve 

3.2.2.3 Trader’s Strategic Offer Formation 

Within either the group of sellers or buyers, individual commuter agents ultimately 

want to maximize profit by placing an optimal quantity-price paired offer in the market 

and hope the offer can be accepted by commuter agents in the other group. In the deployed 
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model, the commuter agent first decides quantity offer using the well-known Cournot 

oligopolistic competition concept. Then the agent determines a price offer based on his/her 

own reservation price and knowledge gained from previous days’ market transactions. 

Note there are other strategic offer formation models such as the SFE model (Klemperer 

and Meyer 1989) and the  dBPSO model (Yucekaya, Valenzuela et al. 2009), in which the 

quantity and price are set simultaneously. For the sake of simplicity, prototype-A adopts 

“quantity first and then price” procedure. 

3.2.2.3.1 Choose Quantity 

Cournot competition is an economic model used to describe an industry structure 

in which companies compete on the amount of output they will produce, which they decide 

independently of each other and at the same time. Taking each auction round as one round 

of Cournot competitions, there are potentially two sub-competitions with one for buyers 

group and the other one for sellers group. 

For a particular seller 𝑗, his/her profit when selling 𝑞𝑗 units of credits, 𝑝𝑟𝑜𝑗,(𝑞𝑗), 

depends on the credit price and the cost of those 𝑞𝑗 units of credits. 𝑝𝑟𝑜𝑗,(𝑞𝑗), takes the 

form 

𝑝𝑟𝑜𝑗,(𝑞𝑗), = 𝑃(𝑄) ∗ 𝑞𝑗 − 𝑇𝐶𝑗(𝑞𝑗) (3-10) 

Where 𝑃(·) is the inverse demand function, 𝑇𝐶𝑗(·) is the total cost function for 

commuter 𝑗. 

Further we have 
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𝜕𝑝𝑟𝑜𝑗(𝑞𝑗)

𝜕𝑞𝑗
= 𝑞𝑗

𝜕𝑃(𝑄)

𝜕𝑞𝑗
+ 𝑃(𝑄) − 𝑀𝐶𝑗(𝑞𝑗) (3-11) 

Where 𝑀𝐶𝑗(·) is the marginal cost function of commuter 𝑗. 

Since each trader is assumed to be a price taker whose offer won’t impact the 

equilibrium price, 𝑃(𝑄) is irrelevant to 𝑞𝑗 and thus 𝑞𝑗
𝜕𝑃(𝑄)

𝜕𝑞𝑗
= 0. As a result, we obtain that 

in order to maximize individual profit, 𝑃(𝑄) = 𝑀𝐶𝑗(𝑞𝑗) . Figure 3-7 presents how to 

determine quantity offers for agents. The quantity to offer, 𝑞′𝑗, is basically the intersection 

of the marginal cost curve and equilibrium price line, 𝑞′𝑗 = 𝑀𝐶𝑗
−1(𝑃(𝑄)). Obviously 

traders gain the knowledge of equilibrium price from previous iteration’s experience, we 

adopt the following equation for each trader to determine the quantity to offer in market on 

day 𝑡. 

𝑞𝑗,𝑡 = 𝑀𝐶𝑗,𝑡
−1(𝑃(𝑄𝑡−1)) (3-12) 

By the same analysis procedure, this equation still holds for buyers, 

𝑞𝑗,𝑡 = 𝑀𝐵𝑗,𝑡
−1(𝑃(𝑄𝑡−1)) (3-13) 

Where 𝑀𝐵𝑗,𝑡(·) is the marginal benefit function of credits towards buyer 𝑗. 
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Figure 3-7: Determine bid/ask quantity using marginal cost  

3.2.2.3.2 Choose Price 

After determining the quantity to bid/ask, traders further set up a strategic price to 

finalize a quantity-price paired offer. The MRE algorithm, which was originally designed 

for the wholesale electricity power market by (Nicolaisen, Petrov et al. 2001), is adopted 

here. MRE algorithm has its root from the Roth-Erev algorithm (Roth and Erev 1995), 

which argues four basic learning principles: 1) law of effect; 2) power law of practice; 3) 

experimental effect and 4) recency effect. Three parameter characterizing MRE algorithm 

are a scaling parameter 𝑠(1), a recency parameter 𝑟 and an experimental parameter 𝑒. 
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Each trader is given 𝐾 feasible price offer choices, each with a starting propensity 

𝑞𝑖𝑘(1) = 𝑠(1)𝑋/𝐾, where 𝑋 is the average surplus buyers and sellers can achieve in any 

given auction round. Now suppose at the 𝑛 th auction round, trader 𝑖  receives surplus 

𝑅(𝑖, 𝑘′, 𝑛) by submitting feasible price 𝑘′. Given a feasible price offer 𝑘, the propensity 

𝑞𝑖𝑘(𝑛 + 1) for choosing 𝑘 in the following auction round (𝑛 + 1) is 

𝑞𝑖𝑘(𝑛 + 1) = (1 − 𝑟)𝑞𝑖𝑘(𝑛) + 𝑀𝐸(𝑖, 𝑘, 𝑘′, 𝑛, 𝐾, 𝑒) (3-14) 

where 𝑀𝐸(·) is the update function reflecting the experience gained from previous 

trading activities. 

The update function in MRE algorithm takes the form 

𝑀𝐸(𝑖, 𝑘, 𝑘′, 𝑛, 𝐾, 𝑒) = {
𝑅(𝑖, 𝑘′, 𝑛)(1 − 𝑒),           𝑘 = 𝑘′

𝑞𝑖𝑘(𝑛)
𝑒

𝐾 − 1
,                  𝑘 ≠ 𝑘′

 (3-15) 

Trader 𝑖 ’s updated choice probability 𝑝𝑖𝑘(𝑛 + 1)  towards each feasible price 

choice takes the form 

𝑝𝑖𝑘(𝑛 + 1) =
𝑞𝑖𝑘(𝑛 + 1)

∑ 𝑞𝑖𝑚(𝑛+1)
𝑘
𝑚=1

 (3-16) 

In summary, similar to its ancestor—RE algorithm, MRE traders solve a myopic 

stimulus-re-sponse problem of the following form. Given the outcome profit, what price 

should I choose for the next round? No explicit look-ahead reasoning, e.g., if I choose this 

price now, how will this affect the price choices of my fellows in market in the future 

(Nicolaisen, Petrov et al. 2001)? The MRE algorithm outlined here has another drawback 

that the propensities for choosing the neighboring price choices of current iteration’s price 
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choice won’t be affected by the current profit outcome, while it may not be the case in real 

world. If a trader ever failed to buy credits at price 𝐴, the propensities for all price choices 

lower than 𝐴 should be deducted as s/he should notice it’s less likely s/he can buy credit 

later at price lower than 𝐴. Similarly, if a trader ever failed to sell credit at price 𝐵, the 

propensities for all price choices higher than 𝐵 should be deducted as well. 

Therefore, here we propose an upgraded MRE algorithm which takes the form as 

follows: 

For buyers, if 𝑅(𝑖, 𝑘′, 𝑛) > 0 

𝑀𝑀𝐸(𝑖, 𝑘, 𝑘′, 𝑛, 𝐾, 𝑒) = {
𝑅(𝑖, 𝑘′, 𝑛)(1 − 𝑒),           𝑘 = 𝑘′

𝑞𝑖𝑘(𝑛)
𝑒

𝐾 − 1
,                  𝑘 ≠ 𝑘′

 (3-17) 

Else if 𝑅(𝑖, 𝑘′, 𝑛) = 0 

𝑀𝑀𝐸(𝑖, 𝑘, 𝑘′, 𝑛, 𝐾, 𝑒) = {
0                                         𝑘 ≤ 𝑘′

𝑞𝑖𝑘(𝑛)
𝑒

𝐾 − 1
,                  𝑘 > 𝑘′

 (3-18) 

For sellers, if 𝑅(𝑖, 𝑘′, 𝑛) > 0 

𝑀𝑀𝐸(𝑖, 𝑘, 𝑘′, 𝑛, 𝐾, 𝑒) = {
𝑅(𝑖, 𝑘′, 𝑛)(1 − 𝑒),           𝑘 = 𝑘′

𝑞𝑖𝑘(𝑛)
𝑒

𝐾 − 1
,                  𝑘 ≠ 𝑘′

 (3-19) 

Else if 𝑅(𝑖, 𝑘′, 𝑛) = 0 

𝑀𝑀𝐸(𝑖, 𝑘, 𝑘′, 𝑛, 𝐾, 𝑒) = {
0                                         𝑘 ≥ 𝑘′

𝑞𝑖𝑘(𝑛)
𝑒

𝐾 − 1
,                  𝑘 < 𝑘′

 (3-20) 
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This simple upgrade of MRE algorithm addresses the concerns raises previously by 

reducing the propensities of low bids and high asks in response to zero profit. This modified 

MRE algorithm is hereafter referred to as the MMRE algorithm. The predictive power of 

both MMRE and MRE will be examined for price formation model selection purpose in 

following section. 
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4 MODEL SPECIFICATION AND CALIBRATION 

4.1 An ad-hoc experiment 

4.1.1 Subject recruit 

Field data for calibration and validation purpose is collected from a human research 

project involving 22 participants. In order to form the study sample, multiple outreach 

avenues were explored by the research team. Those methods include: 

1) LinkedIn: LinkedIn is a professional social media website. The advertisement 

for subjects was posted on research team members’ LinkedIn personal pages. 

The advertisement clearly states the purpose of the study and provides general 

instructions and contact information of the experimenter. 

2) Professional transportation researcher email list: To be specific, the Travel 

Model Improvement Project (TMIP) email list was used to draw attention from 

professional researchers in the transportation realm. 

3) Z-Tree forum email list: Z-Tree is the interactive experimental economics 

software package on which this study will be carried on. Z-Tree forum consists 

of researchers who are interested in the experimental economics worldwide. It 

is intended to draw attention from practitioners in experimental economic realm 

by sending invitation email via the z-Tree email list. 

Potential participants are prompted to a poll website on which they input their 

available time slots. The experimenter then contacts each participant via either email or 
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direct phone call to confirm their available time slots. A human research consent form2, 

detailed experiment instructions and the client software are also provided to participants at 

this stage. 

A total of 22 participants are recruited for this experiment and they are assigned to 

five sessions according to their input in the poll website. Each session has 10, 5, 2, 1, and 

4 participants, respectively. Note that artificial agents behave in accordance with the 

behavior rules defined in the proposed ABMS traveler, trader behavior models are also 

created, and in total there are 300 travelers in each session. That is to say, there are 290 

(=300-10) artificial agents in session 1 competing with 10 real people and 295 (=300-5) 

artificial agents in session 2. Those artificial agents are defined as to create background 

traffic and background market trades. The parameters of the artificial agents’ ABMS 

behavior model are summarized in the following Table 4-1. 

Table 4-1: Parameter settings for artificial agents 

Learning parameter 𝑳 in route choice model 0.9 

Route choice threshold ɛ 0 

Value of time VOT (token per hour) 2 

Scaling parameter 𝒔(𝟏) in trader behavior model 0.5 

Recency parameter 𝒓 in trader behavior model 0.04 

                                                 

2 The experiment procedures and all written materials to be provided to or meant to be 

seen or heard by subjects have been approved by the Institutional Review Board (IRB) of 

the University of Arizona. 
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Experimental parameter 𝒆 in trader behavior model 0.97 

Price formation model MRE 

4.1.2 Experiment procedures 

The human research is carried out on an ad-hoc experiment system built on a 

widely-used experimental economic software package—z-Tree (Fischbacher 2007). 

Interaction with other participants is fully involved in this game. Participants need to log 

into a client software which connects back to the experimenter’s server machine when the 

experiment is supposed to start. The experiment is an iterative process and it runs 30 

iterations in total. Data in terms of participants’ behavior before and after the 

implementation of TMC policies is collected. The whole experiment is divided into two 

sections. The first 10 periods are non-TMC periods during which TMC policies haven’t 

been implemented. There are 3 stages3 in each of the first 10 periods. They are: 

1) Initial information stage 

2) Route choice stage 

3) Route choice result stage 

As TMC policies haven’t been implemented yet in the first 10 iterations, 

participants only need to make route choices during the first 10 periods. 

Iteration 11~30 are TMC periods and they are further divided into 2 TMC circles 

with each circle lasting 10 iterations. At the beginning of each TMC circle, 10 units of 

                                                 

3 The screenshot of each stage is attached in appendix. 
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TMC credits are assigned to each participant. Certain amount of credits will be consumed 

if participants select certain routes during those periods. In TMC periods, participants can 

trade credits in a double auction market using endowed dummy cash (tokens). Therefore, 

there are in total 5 stages in each of those TMC periods. They are: 

1) Initial information stage 

2) Route choice stage 

3) Route choice result stage 

4) Auction stage 

5) Auction result stage 

The following Figure 4-1 shows the flow chart of the experiment. 

 

Figure 4-1: Flow chart of the experiment 

In the route choice stage, participants are asked to conceptualize a traffic network 

with one origin and one destination and three routes connecting this O-D pair. The traffic 

network is shown in Figure 4-2. Technically speaking, it is a static problem as the temporal 

dimension is not considered in this human research. 

Period 1

• initial information

• route choice

• route choice result ...

Period 10

• initial information

• route choice

• route choice result

Period 11

• initial information

• route choice

• route choice result

• auction

• auction result

...

Period 30

• initial information

• route choice

• route choice result

• auction

• auction result
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Figure 4-2: Network Structure 

The travel time of each link depends on the traffic flow (i.e., the amount of 

participants that choose that link). The relationship between travel flow and travel time 

takes the well-known BPR (the Bureau of Public Roads) function (Travel Model 

Improvement Program 2010): 

𝐶𝑎(𝑣𝑎) = 𝑓𝑓𝑡𝑡𝑎 ∗ (1 + 0.15 (
𝑣𝑎

100
)

4

) (4-1) 

Where 𝐶𝑎 is the link travel time and 𝑉𝑎 is the link flow; 𝑎 is the index for links; 

𝑓𝑓𝑡𝑡𝑎 is the free flow travel time of link 𝑎. 𝑓𝑓𝑡𝑡1 = 1.5, 𝑓𝑓𝑡𝑡2 = 1, 𝑓𝑓𝑡𝑡3 = 1, 𝑓𝑓𝑡𝑡4 =

1.5, 𝑓𝑓𝑡𝑡5 = 1. 

Participants are required to input their bids in the auction stage. Detailed auction 

market policies are summarized as follows: 

1) Participants are endowed 10 units of TMC credits at the beginning of periods 

11 and 21. TMC credits are to be consumed when participants make trips and 

participants can use dummy cash/tokens ($10 in total) to trade TMC credits in 

market. 
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2) The price a participant offers in the market should be within $0.6~$2. Any price 

lower than $0.6 or higher than $2 won’t be accepted by the market operator. 

Participants can always sell credits if s/he sets the price to $0.6 or buy credits if 

his/her price is $2. This serves as a back-up plan if the credit supply and demand 

ratio goes extremely low or high. 

3) Leftover credits at the end of each TMC circle (iteration 20 and 30) are 

automatically sold to market operator at $0.6/credit. 

4) If any participant carries a negative credit balance at the beginning of a TMC 

period and doesn’t have enough dummy cash or if s/he doesn’t want to buy any 

credits from the market, s/he then has to pay $2 per credit fee to cover those 

negative balance and s/he is not allowed to make trips for the current iteration4. 

5) Credit market price is uniformly determined and the market equilibrium price 

is adopted as the closing price for each transaction. Individual participant’s bid 

or ask has only minor impact on the market equilibrium price since there are in 

total 300 traders in market. 

Upon the termination of the experiment, each participant is asked to fill out an exit 

questionnaire that inquires them about their subjective experience during the course of the 

test. This deals with their retrospective assessment of behavior adjustment, such as if it was 

easy/difficult to adjust travel behavior and how much effort it involves in changing one’s 

                                                 

4 Alert window will pop up if s/he chooses any route in route choice stage and the 

system won’t let s/he go through if s/he insists choosing a route 
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behavior, was it easy to get used to TMC market and do the market policies make sense, 

etc. 

4.1.3 Compensation for participants 

All participants have the knowledge that their compensation correlates positively 

with the outcome of their route choices and auction behaviors. Generally speaking, the 

shorter the travel time of their chosen routes are, the higher the compensation will be. The 

more dummy profit (i.e., with more dummy cash left in account at the end of the 

experiment) the participant gains in market, the higher the compensation will be. The 

research team uses the following equation to calculate the compensation for each 

participant: 

𝐶 = 20 + 𝛼 ∗ 𝑇𝑖𝑚𝑒𝑆𝑎𝑣𝑖𝑛𝑔 + 𝛽 ∗ (𝐿𝑒𝑓𝑡𝑇𝑜𝑘𝑒𝑛𝑠 − 10) − 𝛾 ∗ 𝐶𝑎𝑛𝑐𝑒𝑙𝑙𝑒𝑑𝑇𝑟𝑖𝑝𝑠 (4-2) 

Where 𝐶 is the calculated compensation; $20 is the baseline initial payment. 

𝛼 is set to $0.5/hour in experiment. 𝑇𝑖𝑚𝑒𝑆𝑎𝑣𝑖𝑛𝑔 is the total travel time saved (by 

hours) compared to the worst performed route in the corresponding iteration. Therefore, 

𝛼 ∗ 𝑇𝑖𝑚𝑒𝑆𝑎𝑣𝑖𝑛𝑔  indicates the payoff participant gains by wisely choosing the best 

performed route among all three routes. For instance, if the total travel time saving is 5 

hours across the whole experiment, corresponding participant’s compensation will increase 

by $2.5 as a result. 

𝛽 is set to $5 per dummy cash in experiment. LeftTokens is the total amount of 

dummy cash/tokens left in participant’s account when the experiment terminates. 
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Therefore, 𝛽 ∗ (𝐿𝑒𝑓𝑡𝑇𝑜𝑘𝑒𝑛𝑠 − 10)  indicates the payoff a participant gains by wisely 

submitting buy/sell offers in auction market. For instance, if a participant has 12 tokens left 

when the experiment terminates, s/he gains $10 more compensation (=2*(12-10)). 

𝛾 is set to $5 per cancelled trip in experiment. CancelledTrips is the amount of trips 

cancelled by participant during the course of the experiment. Therefore, 𝛾 ∗

𝐶𝑎𝑛𝑐𝑒𝑙𝑙𝑒𝑑𝑇𝑟𝑖𝑝𝑠 indicates the fee that is imposed if s/he chooses to cancel the trip in route 

choice stage and the fee is $5 per trip cancelled. 

The research team fixes the upper bound of compensation at $50 and the lower 

bound at $10 so if the calculated compensation is higher than $50, compensation will be 

rounded down to $50. On the other side, if the calculated compensation is lower than $10 

or even negative, the final compensation will be rounded up to $10 to prevent any 

participant from losing money. 

Participants are informed of this calculation equation of compensation before the 

experiment so they try to choose the best routes, submit the most profitable offers and avoid 

trip cancellation during the experiment. And intuitively, those behavior objectives are also 

the behavior guidelines for commuters in real world. 

4.2 MSD scoring 

To assess the predictive power of the ABMS model, it is needed to calculate the 

deviation between the predictions and the observations. Let 𝑃𝑖 denote the amount of real 

person participants in session 𝑖 . In order to acquire prediction results, those 300 − 𝑃𝑖 
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artificial agents in the same session are treated as backgrounds. All those 

parameters/attributes of those 300 − 𝑃𝑖  artificial agents are left unchanged and the 

attributes of the remaining 𝑃𝑖 agents are altered instead. 

 

Figure 4-3: The observations and the predictions 

The experiment is re-run multiple times without real participants to get the averaged 

prediction performance metrics to reduce the impact of the stochastic nature of the 

proposed model. Since the model considered is computational, the probability of each 

action for each agent at each period can be predicted. The concept of Mean Squared 

Deviation (MSD) score of the predictions and observations is adopted, which has been 

applied in the cited RE algorithm research (Erev and Roth 1998) to measure the prediction 

error. MSD score is a quadratic scoring rule that should be used for the comparison of 

competing probabilistic theories wherever this is possible (Selten 1998). 

The scoring rule with 
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𝑀𝑆𝐷(𝑝) = (∑(1 − ∑(𝑝𝑖�̂� − 𝑝𝑖𝑗)2

𝑛

𝑖=1

)/𝑚) ∗ 100

𝑚

𝑗=1

 (4-3) 

is called a MSD scoring rule, where 𝑗 = 1,2, … , 𝑛 is the index of each action. 𝑖 =

1,2, … , 𝑚 is the index of iterations. 𝑝𝑖𝑗 is the field data of the probability of taking action 𝑗 

in iteration 𝑖 while 𝑝𝑖�̂�  is the predicted probability of taking action 𝑗 in iteration 𝑖. The 

higher the MSD score is, the high the predictive power the model has. 

4.3 ABMS route choice model calibration and validation 

The ABMS route choice model integrated in the platform has been fully explored 

in previous research (Feng and Head 2013). Here in this research a MSD score is adopted 

as a performance metrics and a grid search is conducted to facilitate a holdout validation, 

so the model can be tuned for good performance on unseen data. Training an algorithm and 

evaluating its statistical performance on the same data yields an overfitting result. One 

better way to measure the predictive ability of a model is to test it on a set of data not used 

in estimation. Data miners call this a test set and the data used for estimation is the training 

set. Data obtained in each experiment session is treated as a single example and data is 

further split into disjoint training set and test set. Session 4 is held as test set and data from 

session 1, 2, 3, 5 are used to train the model. There are three free independent parameters 

in route choice model. They are learning speed 𝐿, route choice threshold ɛ and value of 
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time 𝑉𝑂𝑇5. Although all those three parameters are continuous, a finite set of “reasonable” 

discrete values is selected for each, they are: 

𝐿 ∈ {0,0.005,0.01,0.015,0.02}, ɛ ∈ {0,0.3,0.6}, 𝑉𝑂𝑇 ∈ {0,2,4,6,8} 

A total of 75 (=5*3*5) parameter sets are tested. The real person participants are 

replaced with artificial agents and the experiment is re-run for each session. The proposed 

ABMS route choice model involves random variables in decision making process and thus 

may generate different results even when all parameters remains the same. Therefore, each 

case is run five times and the averaged results are used to calculate the MSD scores during 

the grid search. 

The MSD scores for different parameter sets are shown in the following Table 4-2. 

Table 4-2: Summary of grid search (training set=1,2,3,5) 

ɛ = 𝟎 L 

VOT 
0 (flat learning 

curve) 

0.005 0.01 0.015 0.02 

0 81.52 82.57 82.57 82.54 82.45 

2 81.52 82.70 82.81 82.86 82.81 

4 81.52 82.81 82.93 82.89 82.65 

6 81.52 82.84 82.92 82.81 82.47 

                                                 

5 It is a dummy VOT as we are using tokens instead of real money in the experiment. 



93 

 

8 81.52 82.83 82.92 82.80 82.43 

ɛ = 𝟎. 𝟑 L 

VOT 
0 (flat learning 

curve) 

0.005 0.01 0.015 0.02 

0 81.52 82.57 82.56 82.54 82.43 

2 81.52 82.63 82.74 82.76 82.79 

4 81.52 82.65 82.73 82.80 82.56 

6 81.52 82.64 82.72 82.81 82.46 

8 81.52 82.61 82.70 82.78 82.41 

ɛ = 𝟎. 𝟔 L 

VOT 
0 (flat learning 

curve) 

0.005 0.01 0.015 0.02 

0 81.52 82.57 82.56 82.54 82.43 

2 81.52 82.63 82.72 82.74 82.77 

4 81.52 82.65 82.70 82.80 82.54 

6 81.52 82.64 82.68 82.81 82.46 

8 81.52 82.60 82.68 82.74 82.41 

After training using session 1,2,3,5, 𝐿 = 0.01, ɛ = 0, 𝑉𝑂𝑇 = 4 stands out to be the 

best parameter set among all tested options. We further validate this tuned parameter set 

using the test set (session 4 in this case) and the MSD score for the test set turns out to be 

83.79, which is even higher than the highest MSD score achieved in training set. Table 4-3 

shows the average route choice ratios of all three route from iteration 11 to 30. Results 

generated after calibration fit much better with observations as compared to pre-calibration 
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results. It turns out that the initial learning speed parameter 𝐿 in Table 4-1 is too high and 

it leads to a much faster learning speed as compared to observations. The learning speed 

drops dramatically after calibration. 

Table 4-3: Route choice ratio in TMC periods6 

 Before calibration After calibration Field data 

Route 1 0.505 0.337 0.289 

Route 2 0.022 0.331 0.326 

Route 3 0.474 0.352 0.385 

Note that according to Eq. (4-2), 1 dummy cash results to $5 final compensation 

increment and 1 hour saved travel time results to $0.5 final compensation increment. It is 

equivalent to saying 1 dummy cash equals to 10 hours in participants’ minds and the 

dummy VOT should be $0.1/hr as the result. However, the calibrated VOT is $4/hr which 

is much larger than the expectation. Lessons learnt from the this observation are 

a) In future human experiments, it is of great importance to show the 

compensation calculation equation at each stage and the stage-wise 

compensation to participants so they have clear idea that 1 dummy cash equals 

to 10 hours saved travel time when calculating the compensation. 

b) It is possible that the setup of the compensation calculation equation differs 

from participants’ real perceptions that the coefficients of 𝛼, 𝛽, and 𝛾 defined in 

                                                 

6 Route choice ratios are averaged across period 11 to 30. 
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Eq. (4-2) should be further tuned to reflect the real economic and social 

behavior situation. 

4.4 ABMS trader behavior model calibration and validation 

4.4.1 Goodness-of-fit for the quantity choice model against field data 

As there is no parameter that needs to be calibrated in the auction quantity choice 

module, the goodness-of-fit of the quantity choice model is shown against observations by 

summarizing the discrepancy between the observations and the predictions. Here the Root-

Mean-Square-Error (RMSE) is adopted to assess the deviation. 

𝑅𝑀𝑆𝐸𝑖 = √∑(𝑄𝑖𝑗 − 𝑄𝑖�̂�)2

22

𝑗=1

/22 (4-4) 

Where 𝑖 is the index for iteration. 𝑄𝑖𝑗 is the observed participant 𝑗’s quantity offer 

in iteration 𝑖 while 𝑄𝑖�̂� is the predicted quantity offer of participant 𝑗 in iteration 𝑖. The 

following Figure 4-4 presents the RMSE value for each TMC period. As one can tell from 

the chart, the proposed quantity model is not accuracy for the very first several iterations 

as the RMSEs are as high as 3.1 in iteration 11 and 2.86 in iteration 12. However, as 

participants gain more knowledge through the course of experiment, they acquire general 

ideas of the average TMC consumption per iteration and the standard deviation of the TMC 

consumption per iteration. Those two variables are actually the major decisive variables 

when determining the quantity offer in the proposed model. Therefore, as iteration 
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accumulates, the proposed model becomes more and more accurate as RMSE gradually 

decreases. The lowest RMSE the proposed model achieves is 0.43 in iteration 17. 

 

Figure 4-4: Evolution of RMSE across iterations7 

4.4.2 A leave-one-out cross validation for price formation model 

Ideally, it would be preferable to be able to predict behavior at every level of 

aggregation or disaggregation by selecting the better model between MRE and MMRE. 

However, given the fact that there is a finite amount of examples and it’s even smaller than 

what is desired, Leave-One-Out Cross Validation (LOOCV) (Stone 1974) is chosen to 

accomplish model selection and performance estimation. LOOCV is a more sophisticated 

version of training/test sets and a much more efficient use of the available limited data. 

                                                 

7 No trading is allowed in iteration 20 and 30 and therefore there is no data point for 

those two iterations. 
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LOOCV is among the family of resampling methods at the expense of more computations 

as comparing to simple holdout validation method. However, since there are only five 

sessions/examples, it wouldn’t be very time consuming to implement LOOCV. 

The procedures to obtain the prediction accuracy measures in LOOCV are defined 

as follows. Suppose there are 𝑛 independent observations, 

1) Let observation 𝑖 form the test set, and fit the model using the remaining data. 

Then compute the error (𝑀𝑆𝐷𝑖) for the omitted observation. 

2) Repeat Step 1 for 𝑖 = 1,2, … ,5. 

3) Compute the averaged 𝑀𝑆𝐷 score from 𝑀𝑆𝐷1, … , 𝑀𝑆𝐷5. 

4) Select the model with the higher average 𝑀𝑆𝐷 score. 

Since there are five observations in total in our field data, five rounds of calibration-

validation are conducted for each of the algorithms of MRE and MMRE. The following 

Table 4-4 presents the average MSD score for MRE and MMRE model by conducting 

LOOCV. One can tell that MMRE outperforms MRE in this particular experiment in term 

of predictive power by achieving a much higher MSD score. The parameters in MMRE is 

further tuned to 𝑠(1) = 1, 𝑟 = 0.04, 𝑒 = 0.97 so the observation is best fitted. 

Table 4-4: Summary of LOOCV for traders’ price formation model 

Model MSD score 

MRE 87.75 

MMRE 97.34 
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Next, some market outcomes at aggregated level are shown. Table 4-5 presents the 

general auction success rate in TMC periods. As one can tell, the observation is that 42.6% 

of the bids and asks lead to a successful transaction while the rate is 20.4% prior to 

calibration using the initial parameter set defined in Table 4-1, indicating that the artificial 

agents bid in accordance with the proposed traders’ price formation model using the initial 

parameter set are not intelligent enough to learn the market such that four fifths of those 

bids/asks submitted by artificial agents fail. However, the success rate dramatically 

increases to 46.8% after calibration and it fits the observation (42.6%) very well. 

Table 4-5: Auction success rate 

Pre-calibration Post-calibration Observation 

20.4% 46.8% 42.6% 

The average list price for the group of buyers and sellers respectively is also shown 

in Figure 4-5 and Figure 4-6. The average deviation (RMSE) between the average list price 

of the prediction before calibration and the observation for the group of sellers is $0.67 and 

it drops to $0.27 after calibration. The deviation for the group of buyers decreases from 

$0.31 to $0.29 after calibration. 
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Figure 4-5: Sellers’ average list price 

 

Figure 4-6: Buyers’ average list price 

4.5 Compensations of real participants and artificial agents 
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The following Table 4-6 presents the compensation breakdowns of artificial agents 

before and after calibration as well as the compensation of real participants. The first three 

columns simply represent the second, the third, and the fourth term in Eq. (4-2). The last 

column represents the final compensation calculated by Eq. (4-2) without considering the 

$50 upper bound and $10 lower bound. One can tell from this table that prior to calibration, 

artificial agents are not as intelligent as compared to real people that the outcomes of the 

behavior decisions of artificial agents are much worse than field data. Real participants out-

perform artificial agents in route choice decisions, auction decisions, as well as trip 

reduction decisions and gain much more compensation than artificial agents ($30 compared 

to $-2) . However, after calibration, the compensation level of artificial agents fits much 

better with field data with a relatively high route choice bonus, an even higher auction 

bonus as compared to real participants and a trip cancellation charge almost the same 

compared to real participants. The final compensation after calibration is $25 which is very 

close to the average compensation achieved by real people. 

Table 4-6: Compensation of real participants and artificial agents8 

 
Route choice 

bonus ($) 

Auction bonus 

($) 

Trip 

cancellation 

charge ($) 

Final 

compensation 

($) 

Before calibration 

(artificial agents) 

2.01 -16.32 -8.57 -2.87 

                                                 

8 Final compensation shown in this table doesn’t considered the $50 upper bound and 

$10 lower bound. It is purely the result calculated by Eq. (4-2). 
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After calibration 

(artificial agents) 

5.78 0.91 -1.11 25.86 

Field data (real 

participants) 

11.73 -0.13 -1.13 30.23 

4.6 Questionnaire 

A short questionnaire is distributed to each participants upon the accomplishment 

of the 30-period experiment. Questionnaire responses were recorded for 19 out of all 22 

participants9. The screenshot of the questionnaire has been attached in appendix. This 

section presents some interesting conclusions drawn from the responses of the participants. 

4.6.1 Favorability 

 Participants are asked to rate the degree to which they agree or disagree with 

different statements in question 1~7. The following Table 4-7 summarizes the average rate 

and rate variance of the responses for question 1~7. Degrees 0~5 mean strongly disagree, 

mostly disagree, slightly disagree, slightly agree, mostly agree, and strongly agree, 

respectively. 

Table 4-7: Summary of questionnaire response 

Statement Average rate  

(variance of rate) 

1. TMC is an efficient method to manage traffic demand. 3.2 (1.6) 

                                                 

9 3 participants didn’t finish the questionnaire as they closed the client software directly 

after the experiment. Thus, the data was lost from those 3 participants. 
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2. TMC will be favored by most travelers. 2.4 (1.3) 

3. TMC helps travelers to reduce trips made by personal 

cars. 

3.7 (0.4) 

4. TMC helps travelers to choose uncongested routes. 3.1 (1.5) 

5. TMC helps travelers to travel during off-peak hours. 4.0 (0.7) 

6. The idea of TMC will be favored by government. 2.9 (3.2) 

7. TMC will be deployed in the future in U.S. 2.1 (1.5) 

As one can tell from Table 4-7, participants generally agree that TMC is an effective 

TDM application (rate=3.2) that helps to reduce personal car usage (rate=3.7), to promote 

uncongested routes (rate=3.1) and non-peak hour travels (rate=4.0), while they only 

slightly agree or even slightly disagree that TMC will be favored by the public (rate=2.4) 

and the government (rate=2.9). Those answers reveal that participants are optimistic in the 

prospect of TMC from a technical standpoint and agree that it’s an effective TDM solution 

if it’s implemented, but there might be public and political aversion against TMC. 

Responses of question 3 and 5 are extremely uniform as the variance is only 0.4 and 0.7 

respectively, indicating at least those 19 participants reach agreement. However, answers 

of question 6 are extremely polarized as around 50% of the participants either mostly agree 

or strongly agree that TMC will be favored by government while the other 50% either 

mostly disagree or strongly disagree with this statement, resulting to a 3.2 rate variance. 

Participants slightly disagree that TMC will be deployed in the future in U.S. (rate=2.1) on 

average. As the experiment was conducted in an anonymous manner, no insight was 

provided in terms of the rating for different categories of participants here in this research. 
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4.6.2 Disadvantage of TMC 

Question 8 asks participants to list the disadvantages of TMC in their opinions. The 

following is a summary with bullet points. 

1) Public will not want to give up their personal freedom to travel. 

It is the major concern of participants as more than 60% of the participants present 

their aversion towards the possibility of losing the right of motoring in the questionnaire. 

2) There is a lack of public education of the concept of TMC and any other quota 

system. It is difficult to accept by the majority of citizens/drivers. As quoted 

from the answer by one participant: 

Any policies that involve some sort of payment or fee for regular day-to-day 

transportation generally won't go down too well with the public. Also I think the 

concept of TMC itself, and the best course of action of utilizing them to maximize 

your gains is perhaps not particularly highly intuitive, at least for the general 

public. Their lack of awareness could even make the system worse-off, until 

gradually they learn and adapt. 

3) Currently, traffic conditions in U.S. are not severe enough such that a quota 

policy as TMC should be implemented. 

4) TMC may introduce social inequality. 

Generally speaking, participants reveal their concern that the idea of rationing or 

using a quota is hard to be accepted and that public education will be the key to success of 
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TMC. This might be something the mobility authorization can try to solve if TMC would 

be implemented in the future. 
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5 NUMERICAL ANALYSIS 

The proposed TMC platform is tested on two networks. They are: 

1) The artificial three-route mini network same as the one used for human research 

with 300 travelers. 

2) AZville network consisting of 174 nodes and 374 links. 

The fine-tuned parameters based on the field data collected from the human 

research are summarized in the following Table 5-1. This parameter setting is used for both 

sets of tests uniformly10. Please note that these parameters are trained using the data 

collected from the three route mini network. There is no field data to train agents in AZville 

network. Therefore, there is no guarantee that these settings imported from the mini 

network can generate accurate predictions for the AZville network. 

Table 5-1: Summary of the fine-tuned parameters 

Learning parameter 𝑳 in route choice model 0.01 

Route choice threshold ɛ 0 

Value of time VOT (dummy $ per hour) 4 

Scaling parameter 𝒔(𝟏) in trader behavior model 1 

Recency parameter 𝒓 in trader behavior model 0.04 

Experimental parameter 𝒆 in trader behavior model 0.97 

                                                 

10 Value of time for AZville is set to $20 per hour during numerical analysis. 
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Price formation model MMRE 

5.1 Three route mini network 

5.1.1 Test Setups 

The existing z-Tree online experiment package (Fischbacher 2007) is utilized to 

run simulations for this mini network. Z-Tree is designed as to facilitate online experiment 

while also being capable of working as a simulator if the number of participants is set to 

zero. The snapshot of the network had been presented previously in Figure 4-2. A total of 

300 artificial agents are loaded into this static traffic network and those agents behave in 

accordance with the ABMS behavior model with the tuned parameter setups. 

Overwhelming credit demand over supply is observed in the previous 10 credits per TMC 

circle case. Therefore, 11 credit and 12 credit cases are further tested. All other 

environmental parameters remain the same as those in the human research. In this mini 

network test, the beginning and the ending dates of the TMC circle are uniform for all 300 

agents. Similar to the previous human research, there are two TMC circles in total. The 

first one lasts from iteration 11 to 20 and the second one lasts from iteration 21 to 30. 

5.1.2 TDM results 

The following Table 5-2 presents the summary of the TDM results, including the 

average travel time, average TMC consumption, and average amount of trips. As has been 

mentioned in previous section, three scenarios with initial endowment equal to 10, 11 and 

12 are tested on this mini network. As one can tell from Table 5-2, the introducing of TMC 

policies has a positive impact on the traffic condition as a reducing average travel time and 
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an increasing amount of cancelled trips out of all 300 travelers is observed when initial 

endowment decreases. The lower the initial credit endowment is, the higher the amount of 

cancelled trips is, which is in agreement with expectations. However, as initial endowment 

decreases from 12 to 11, the average amount of cancelled trips increases from 8 to 14.7, 

while the average travel time doesn’t rise at all, indicating more trip reduction at this stage 

won’t benefit the traffic network. One can also tell the phenomenon of “induced credit 

demand,” as when the credit supply increases, more credits are consumed on average. 

Agents tend to make more trips, and are less sensitive to the TMC credit charging when 

they are assigned more allowance. This phenomenon can be duplicated in the following 

larger network test. 

Table 5-2: Summary of TDM results 

Scenarios Non-TMC Initial 

Credit=10 

Initial 

Credit=11 

Initial 

Credit=12 

Average Travel 

Time (hr) 

5.94 5.7611 5.82 5.82 

Average 

Cancelled trips 

per iteration 

0 23.35 14.7 8 

Average credit  

consumption 

0 1.12 1.19 1.24 

                                                 

11 This average travel time only considers those iterations without any trip cancellation, 

and thus the impact of cancelled trips on the reduction of travel time is eliminated. The 

same idea applies for the following two scenarios. 
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5.1.3 Market key performance indicators 

The interest is in evaluating the performance of the proposed market institution 

from several perspectives. Designing a set of TMC policies that lead to stabilized credit 

price, equity between the group of buyers and sellers, financial sustainability, and high 

market efficiency is the primary goal of this research. One of the well-known statements 

in the principles of auction market designing is no mechanism can achieve incentive 

compatibility (IC), exact budget balance (BB), allocative efficiency (AE) and individual 

rational (IR) simultaneously, which are the four fundamental principles for auction market 

designing (Myerson and Satterthwaite 1983; Fudenberg and Tirole 1991). Instead, BB and 

IR are imposed, and a fairly efficient and fairly incentive-compatible scheme is proposed 

for prototype-A (Parkes, Kalagnanam et al. 2001). The four fundamental principles for 

auction market scheme and the market stability and convergence speed are discussed in 

this section. 

5.1.3.1 Budget balance (BB) 

The trades don’t run at a deficit. As the policy maker and operator of the TMC 

system, CAA sets up market regulations and rules that allow itself to be capable of raising 

money to cover the cost of daily maintenance and operation of the market. CAA sells 

credits at a high price B and buys credits at a low price S, which potentially leads to the 

exceedance of revenue over cost. If all payments made by traders sum to zero exactly 

(counting the amount paid by buyers as positive and the amount received by sellers as 

negative), the market mechanism is exactly BB (revenue neutral in this case); if they sum 

to a nonnegative number, the mechanism is weakly BB (Chu 2009). Our opinion is that a 
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market operator should raise enough revenue to cover operation cost. Therefore, the 

principle of revenue neutral is not enforced in this study. 

The first row in Table 5-3 presents the average daily monetary gain of CAA from 

iterations 11 to 30 for different scenarios. Basic tendencies that can be observed are that 

CAA is able to generate revenue out of buying and selling credits, and the daily profit is 

higher in low credit allowance cases. The observation is in agreement with intuition. CAA 

gains profit by buying at a low price and selling at a high price. The profit tends to rise if 

the credit demand supply ratio goes higher. That is to say, a scenario in which small 

amounts of credits are endowed undoubtedly results in the overwhelming of credit demand 

over credit supply, which ultimately leads to higher CAA profit. With this observation, one 

can tell that CAA is capable of gaining profit and that the market will be in a weakly budget 

balanced condition (there is a net payment made from traders to mechanism) if the policies 

are set properly and the daily credit demand and supply are well controlled. As will be 

shown in the following tested networks, CAA system may not be budget balanced if CAA 

mistakenly endows too many credits to commuters. 

5.1.3.2 Allocative efficiency (EA) 

The allocative efficiency of the market studied in this research is defined as 

𝐸𝐴 =
𝑃𝐵𝐴 + 𝑃𝑆𝐴

𝑃𝐵𝐶𝐸 + 𝑃𝑆𝐶𝐸
 (5-1) 

Where PBCE denotes the profit that buyers would obtain in competitive 

equilibrium and PBA denotes the profit that buyers obtain from the proposed multiunit 

double auction market instead. PSCE denotes the profit that sellers would obtain in 
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competitive equilibrium and PSA denotes the profit that sellers obtain from the auction 

market instead. 

Here the market structure of competitive equilibrium is used as a benchmark. A 

competitive equilibrium in a market is a unit price 𝑃, a total quantity supplied 𝑄𝑠(𝑃) and 

demand 𝑄𝑑(𝑃) such that 𝑄𝑠(𝑃) = 𝑄𝑑(𝑃). That is, the total amount supplied equals the 

total amount demanded at price P. Within competitive equilibrium, transaction price is 

uniformed at such a 𝑃 (Nicolaisen, Petrov et al. 2001). Competitive equilibrium serves as 

a zero-market-power benchmark against which the experimental multiunit double auction 

outcomes can be compared. It crucially relies on the assumption that every trader is a price 

taker whose transactions have no significant impact on the market at an aggregated level. 

A competitive equilibrium market is always a truthful market in which traders submit 

orders directly using their reservation price. The value of 𝑃𝐵𝐶𝐸 + 𝑃𝑆𝐶𝐸 represents the 

maximum social welfare a market can achieve. 

A high EA is desirable by policy makers and it should be close to 100%, which 

indicates any unrealized profitable trades are those offering the smallest gains, and that the 

level of profit achieved by buyers and sellers in proposed market will be close to the total 

profit achieved under competitive equilibrium. The second row in Table 5-3 presents the 

average EAs during iteration 11 to 30 for all three scenarios. As one can tell from the 

second row, EAs of three scenarios reach a fairly high level of around and above 80%, 

indicating a desirable allocative efficiency achievement. 

Table 5-3: Summary of market KPIs 
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Scenarios Initial Credit=10 Initial Credit=11 Initial Credit=12 

Average daily 

profit for system 

operator (dummy 

cash) 

25.45 12.1 6.55 

Average allocative 

efficiency 

87% 81% 91% 

Average relative 

power of buyers 

-0.12 -0.17 -0.09 

Average relative 

power of sellers 

-0.12 -0.19 -0.06 

5.1.3.3 Incentive compatibility (IC) 

The following Figure 5-1 presents the evolution of the list price and reservation 

price for three different scenarios. Those figures help to explain the concept of Incentive 

Compatibility (IC). When trades involve multi-units, traders in auction market may have 

complicated trading strategies to suit their individual interest (Huang, Scheller–Wolf et al. 

2002). Therefore, they may have the intention to hide their true reservation price and 

submit strategic offers instead, which leads to an inefficient market. Thus, one major 

principle for auction market design is IC, or in other words, strategy-proof. If an auction 

market achieves IC, it is called a truthful market in which truthfully revealing information 

is each agent’s best strategy independent of what other agents are doing. The dominating 

strategy for each agent is to use the reservation price if other agents also report truthfully. 
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As the IC principle requires, the market microstructure should encourage traders to bid/ask 

using prices as close to their reservation price as possible. It is presented in Figure 5-1 that 

the gaps between the list price and the reservation price for either the group of buyers or 

the group of sellers are getting smaller (especially for the group of buyers). This indicates 

the principle of incentive compatibility has been achieved in this mini network when the 

proposed market structure is implemented. 
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Figure 5-1: Evolution of average list price and reservation price of the group of buyers and 

sellers across iterations for different scenarios12 

5.1.3.4 Individual rationality (IR) 

All agents should have non-negative utility from participation in market activities. 

If so, it attracts traders to voluntarily participate in the TMC market because they expect 

nonnegative ex-ante profit (Huang and Xu 2013). This principle is actually guaranteed by 

either MMRE or MRE mechanism in which an order leading to negative profit will be less 

likely chosen from the poll. 

5.1.3.5 Fairness 

By saying fairness in this section, the equality between the group of sellers who 

tend to drive less and the group of buyers who tend to drive more is meant. Market policies 

should try to offer near-equal opportunity for buyers and sellers to capitalize their potential 

                                                 

12 As no trade is allowed in iteration 20 and 30, there is no data for those two iterations. 
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welfare. Meanwhile, the overpowering of either the group of buyers or the group of sellers 

is undesirable. No party should be able to exert control over the credit price in auction 

unilaterally. 

Going by the terminology used in (Nicolaisen, Petrov et al. 2001), the following 

two indices are the major indicators of the market equity that will be recorded. They are 

buyer’s relative market power (MPB) and seller’s relative market power (MPS).  

The relative market power of buyers is defined as 

𝑀𝑃𝐵 =
𝑃𝐵𝐴 − 𝑃𝐵𝐶𝐸

𝑃𝐵𝐶𝐸
 (5-2) 

Buyers are able to increase their profit in auction above their competitive profit 

level and make MPB positive if they are able to exert control over the price of credits in 

the auction. 

The relative market power of sellers is defined as 

𝑀𝑃𝑆 =
𝑃𝑆𝐴 − 𝑃𝑆𝐶𝐸

𝑃𝑆𝐶𝐸
 (5-3) 

Similar to the definition of MPB, MPS should rise if sellers have more control over 

the price of credits. 

A positive relative market power can also be interpreted as the extra profit each 

group can raise when applying strategic and opportunistic bidding behaviors, either 

underbidding its true reservation price or asking more than its true marginal cost. Negative 

market power means loss of surplus if all others apply strategic bidding behaviors. 
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The third and the fourth row in Table 5-3 present MPS and MPB values. One can 

tell that those values are close to zero, indicating that neither the group of sellers nor the 

group of buyers acquires dominating relative power in all three scenarios. Meanwhile, it is 

revealed that there is no direct relation between MPS/MPB and the credit supply demand 

ratio, as there is no obvious tendency of the MPB/MPS values across different initial 

endowment scenarios. Besides, MPB increases as the credit supply increases, which is 

contrary to what one may think. Intuitively, when the credit supply demand ratio increases, 

there will be more traders intending to sell and less traders intending to buy, resulting in a 

dominating market power of the buyer group over the seller group since buyers are able to 

exert control over the credit price. However it turns out to be the opposite way. One 

explanation is with relatively more sellers as credit supply increases, the ask prices may be 

condensed around a certain high level. Therefore, the equilibrium price is still high and the 

group of buyers would be able to submit low price bids to exert control over the equilibrium 

price. 

In all cases, MPB and MPS are negative, indicating both the group of buyers and 

the group of seller lose surplus when everyone applies strategic bidding behaviors. 

5.2 AZville network 

5.2.1 Test setups 

The proposed prototype TMC platform is further coded using the C++ program 

language to facilitate larger network scenarios. The C++ platform consists of: 1) a DynusT-

based traffic simulator, 2) the ABMS route choice module and 3) a market simulator. A 
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stand-along C++ dynamic link library (DLL), which constantly communicates with the 

DynusT main program, is deployed to fulfill the function of 2) and 3). DynusT serves as 

the traffic simulator in which commuters (i.e., vehicles) are loaded into traffic network and 

the credit charging is performed. The whole integrated platform consisting of DynusT 

based traffic simulator and the stand-along DLL library has been tested on a number of 

networks including an artificial network named AZville and a Guam network. Tests are 

conducted to show the correctness and effectiveness of the communication between the 

DLL library and DynusT simulator with key performance indicators of the proposed 

prototype market recorded. The results of AZville network is presented in this section. 

The AZville network consists of 174 nodes and 374 links. The following Figure 5-2 

presents the snapshot of this network. Mobility credits are assumed to be endowed to users 

every 10 days while the starting time of the endowment circle is different for each user13. 

That is to say, for instance, day 10 might be the first day in commuter 𝑖’s TMC circle while 

at the same time, it might be the fifth day in commuter 𝑗’s circle. The CAA recycle price S 

is fixed at $0.6 and reallocation price B is $2. At the same time, different endowment 

amounts with the value at 25 units, 27.5 units, and 30 units of credits per circle are tested. 

A uniform credit endowment strategy is deployed. Demand adjustment factors are set to 

1.0 (15,623 total commuters), 1.25 (19,528 total commuters) and 1.5 (23,434 total 

commuters). Thus, in total there are 9 scenarios with differentiating credit demand and 

                                                 

13  The policy that all users get initial endowed credits at the same day leads to 

tremendous market instability as observed in the previous mini network test. Therefore, 

this variable circle starting date configuration is adopted to ensure network stability. 
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supply levels. Case (25-1) is referred to the case in which initial endowment equals 25 

credits and demand factor is 1.0. All the other scenarios are named in the same manner. 

Each scenario runs for 1000 days, which is equivalent to the length of 100 TMC circles. 

Uniform pricing is used in which the market equilibrium price is chosen as transaction 

price for all buyer/seller pairs. 

 

Figure 5-2: Snapshot of AZville network 

The MMRE algorithm is adopted as the price formation algorithm and the tuned 

parameter sets summarized in Table 5-1 are utilized for AZville test. 

5.2.2 TDM results 

Some properties of traffic demand management performance of TMC polices at 

iteration 500 are presented in Table 5-4. The most attractive observation is the drop of total 

auto trips from 22,951 to 21,326 in case (30-1.5) case and 20,505 in case (25-1.5) case, 

which leads to the tremendous drop of total vehicle mile traveled (VMT), as well as total 

travel time. Although the average trip distance doesn’t drop with the implementation of 
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TMC (there is even a noticeable increment in term of average trip distance), a drop in total 

travel time and STOP time index can be observed after introducing TMC schemes, 

indicating a better traffic network performance delivered by TMC polices. Here STOP time 

index is defined by the percentage of STOP time over free flow travel time of the same 

route, in which the STOP time is due to intersection queueing delays. Under TMC 

circumstances, routes that are less congested (less credit charging) and probably longer in 

terms of distance would be more favored, which leads to the increment of mean trip 

distance. In other words, TMC helps to spread traffic into uncongested areas. 
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Table 5-4: Summary statistics of TMC schemes at iteration 500 

STATISTICS NON-TMC FOR TRAVEL 

DEMAND = 1.5 CASE 

CASE (30-1.5) CASE (25-1.5)  DEFINITION 

TRIP DISTANCE (MI) 12.329 12.451 12.403 Mean distance of auto trips 

SPEED (MPH) 26.8 31.766 33.843 Mean auto travel speed 

MEAN TRAVEL TIME 

(MIN) 

27.56 23.517 21.990 Mean auto travel time  

MEAN STOP TIME 

(MIN) 

5.834 2.514 2.782 Mean STOP time due to traffic lights and congestion 

STOP TIME INDEX 26.9% 11.9% 14.5% Mean STOP time as a percentage of free flow travel time on the same 

route 

TOTAL AUTO TRIPS 22,951 21,326 20,505  

TOTAL TRAVEL 

TIME (HR) 

10,542 8,358 7,514  

TOTAL VMT (103 MI) 282.95 265.52 254.33  
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5.2.3 Market Key Performance Indicators 

5.2.3.1 Budget Balance (BB) 

Figure 5-3 presents average and standard deviation of the daily monetary gain of 

CAA from iterations 500 to 1000 when market and traffic network are both relatively 

stabilized. Basic tendencies that can be observed are: 1) CAA daily profit rises in high 

traffic demand cases and 2) CAA daily profit drops when initial endowment credit 

increases, it even drops down to negative values in case (30-1) when endowment credit is 

extremely high while traffic demand is extremely low. The observation is in agreement 

with the results obtained in the previous mini network test. With this observation, one can 

tell that the CAA is capable of gaining profit and the market will be in a weakly budget 

balanced condition if CAA doesn’t mistakenly endow too many credits to commuters. 

 

Figure 5-3: Evolution of CAA gains in difference scenarios 
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5.2.3.2 Allocative Efficiency (EA) 

The following Figure 5-4 presents the average and standard deviation of EAs during 

iterations 500 to 1000 for all cases. An EA near 90% or higher than 90% in a stabilized 

stage for 8 out of all 9 cases can be achieved with only one exception: case (30-1). It can 

be said that prototype-A achieves fair and reasonable efficiency in the AZville network. 

One general tendency is that EA doesn’t look very sensitive to the change of initial credit 

endowment while it’s relatively sensitive to the change of demand factor. EA drops when 

demand factor increases with only one exception at case (30-1). 

 

Figure 5-4: Values of EA 

5.2.3.3 Incentive Compatibility (IC) 
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(27.5-1.25) and (30-1). Overall, prototype-A reaches fair IC with the gaps between the list 

price and the reservation price converging to a certain desirable level. 
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Figure 5-5: Evolution of average list price and reservation price of the group of buyers and 

sellers across iterations for three different cases 

5.2.3.4 Individual Rationality (IR) 

A couple of representative travelers are selected to show the individual rationality 

of prototype-A. One observation of Figure 5-6 is the traders extensively explore a great 

portion of the price choice pool before settling down with one dominant price option, 

indicating the fitness of the parameter values of MMRE algorithm. One other observation 

is traders exercise strategic market power to some degree by asking higher than true 

reservation prices or bidding below true reservation prices after the dominant price offer 

emerges. 

0

0.5

1

1.5

2

1

3
2

6
3

9
4

1
2

5

1
5

6

1
8

7

2
1

8

2
4

9

2
8

0

3
1

1

3
4

2

3
7

3

4
0

4

4
3

5

4
6

6

4
9

7

5
2

8

5
5

9

5
9

0

6
2

1

6
5

2

6
8

3

7
1

4

7
4

5

7
7

6

8
0

7

8
3

8

8
6

9

9
0

0

9
3

1

9
6

2

9
9

3

$

Iteration

Case (30-1)

Average Seller List Price Average Seller Reservation Price

Average Buyer List Price Average Buyer Reservation Price



124 

 

 

 

Figure 5-6: Trader’s bid/ask price and reservation price 
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scenarios. Figure 5-8 further shows the average and standard deviation of the credit price 

for iteration 501~1000. It is discovered that the standard deviation of credit price is less 

than $0.01 for all cases, which is strong evidence that the converged credit price is without 

noticeable fluctuation in prototype-A. 

At the same time, credit price is observed to decrease when initial credit endowment 

increase and traffic demand decreases, which is in agreement with rational intuition that 

price drops when supply is high and demand is low.  

 

Figure 5-7: Evolution of average closing price for all 9 cases 
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Figure 5-8: Stabilized average and standard deviation of credit price (iteration 501-1000) 
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Figure 5-9: MPS and MPB during stabilized stage 
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principle. The traffic demand is fixed while the initial credit supply is altered from 30 per 
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circle to 100 per circle14. All other parameters remain the same as the previous 9-case test. 

For the sake of simplicity, a uniform VOT with the value of $20 per hour is assumed and 

the disutility increment for one trip cancellation is set at $100. The total traveler welfare is 

calculated as the summation of the individual traveler’s utility and the individual disutility 

is further calculated by the following equation. 

𝐷𝑖𝑠𝑢𝑡𝑖𝑙𝑖𝑡𝑦𝑖

= {
𝑉𝑂𝑇 ∗ 𝑇𝑟𝑎𝑣𝑒𝑙𝑇𝑖𝑚𝑒𝑖 + 𝑇𝑜𝑡𝑎𝑙𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝐼𝑛𝑀𝑎𝑟𝑘𝑒𝑡𝑖           𝑖𝑓 𝑡𝑟𝑖𝑝 𝑛𝑜𝑡 𝑐𝑎𝑙𝑐𝑒𝑙𝑙𝑒𝑑
100 + 𝑇𝑜𝑡𝑎𝑙𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝐼𝑛𝑀𝑎𝑟𝑘𝑒𝑡𝑖                                        𝑖𝑓 𝑡𝑟𝑖𝑝 𝑖𝑠 𝑐𝑎𝑛𝑐𝑒𝑙𝑙𝑒𝑑

 

(5-4) 

The uniform credit endowment strategy is first examined. The following Figure 

5-10 presents the number of travelers who are made better off compared to status quo 

versus the number of travelers who are made worse off in the uniform endowment 

scenarios. Figure 5-11 presents the reasons why some of the users are made worse off after 

introducing TMC policies. Initially, the amount of travelers who are made better off 

reaches the maximum when initial endowment equals to 100. Undoubtedly, everyone will 

be made better off if the initial endowment is positive infinity. As in that case, everyone 

has sufficient credits to make all trips and they can sell leftover credits to CAA at price S. 

However, in that case, CAA profit will be negative infinity and it’s not guaranteed that the 

total social welfare will increase. Then when the initial endowment starts to decrease from 

100 units per person, the amount of users who are made better off starts to decline. The 

reason is that even though the credit constraint starts to become tight for some big credit 

                                                 

14 The amount of endowment is much higher than the previous tests as a scenario with 

a much denser traffic demand is being tested. 
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consumers as initial credit endowment decreases, there is still no considerable amount of 

trip cancellation observed until endowment declines to 70, as one can tell from Figure 5-11. 

Therefore, more users are made worse off when initial credit endowment decreases from 

100 to 70. After initial endowment reaches below 70, tremendous amount of trip 

cancellations emerge and this leads to a decreasing traffic demand and it benefits others 

who don’t cancel their trips. Therefore, we observe the increment of the amount of better 

off users from case 60 to case 40. However, when many more travelers cancel their trips, 

as has been shown when the initial endowment equals 30, more users are made worse off 

as all those who cancel their trips also make up the group of users who are made worse off. 

Figure 5-12 further shows the frequency distribution of the individual profit in uniform 

credit endowment scenarios. Travelers tend to concentrate around the bin (0-6) when the 

initial endowment is high while when initial credit endowment starts to decline, some 

travelers move to around bin (-90--84) as they cancel their trips and it leads to a disutility 

at around $100. It’s noticeable in case 60, a considerable increment in bin (12-18) can be 

observed. This actually leads to the superiority of case 60 over all other configurations. 

Figure 5-13 presents the social welfare breakdowns. There are generally two types 

of players in this TMC system: they are CAA and the group of travelers. As for the profit 

gained by CAA, the less the initial credit endowment is, the more profit CAA earns. This 

phenomenon has been observed in previous tests and it has been shown that CAA profit is 

highly related to the credit demand/supply ratio. The interesting finding is for the group of 

travelers, as the initial endowment decreases, the total profit declines first (from case 100 

to case 90) and then rises (from case 90 to case 60) and then declines again (from case 60 
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to case 30). The first declines is due to the decrease of initial credit. The rise is due to the 

benefit introduced by the small amount of trip cancellation and the second decline is due 

to the undesirable large amount of trip cancellation. As a whole, the social welfare is the 

summation of CAA profit and the total traveler profit and it reaches the maximum when 

initial endowment is 60 and both CAA and the group of travelers gain positive profit, which 

is desirable. The case 60 stands out to be the best configuration among all cases tested if 

only the total welfare is considered. At disaggregate level, not all individual users are made 

better off in this case. Almost 10,000 travelers out of 31,307 travelers are made worse off 

after introducing TMC policies when initial credit endowment is 60, even though they 

don’t lose that much welfare as has been shown in Figure 5-12. 

 

Figure 5-10: People made better off VS. People made worse off (compared to status quo) in 

uniform endowment scenarios 
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Figure 5-11: Why users are made worse off in uniform endowment scenarios 

 

Figure 5-12: The frequency distribution of the individual profit in uniform endowment 

scenarios 

0

2000

4000

6000

8000

10000

12000

100 90 80 70 60 50 40 30

Initial Endowment

# of worse-off users due to other reasons # of users cancel trips

0

2000

4000

6000

8000

10000

12000

14000

16000

-3
8

--
3

6

-3
6

--
3

4

-3
4

--
3

2

-3
2

--
3

0

-3
0

--
2

8

-2
8

--
2

6

-2
6

--
2

4

-2
4

--
2

2

-2
2

--
2

0

-2
0

--
1

8

-1
8

--
1

6

-1
6

--
1

4

-1
4

--
1

2

-1
2

--
1

0

-1
0

--
8

-8
--

6

-6
--

4

-4
--

2

-2
-0

0
-2

2
-4

4
-6

6
-8

8
-1

0

1
0

-1
2

1
2

-1
4

1
4

-1
6

1
6

-1
8

1
8

-2
0

2
0

-2
2

2
2

-2
4

Fr
eq

u
en

cy
 (

# 
o

f 
u

se
rs

)

Profit (Disutility increment)

Initial Endowment=100 Initial Endowment=90 Initial Endowment=80

Initial Endowment=70 Initial Endowment=60 Initial Endowment=50

Initial Endowment=40 Initial Endowment=30



132 

 

 

Figure 5-13: The user profit VS. CAA profit in uniform endowment scenarios 

Two O-D specific credit endowment strategies are further examined to see whether 

this kind of strategies has the potential to reach Pareto-improving. 

The first O-D specific endowment strategy is a distance-based endowment. We set 

the amount of credits endowed to individual travelers to be proportional to the Euclidean 

distance between his/her origin and destination. It’s referred to as Distance-Based O-D 

(DBOD) specific endowment. The following Figure 5-14 to Figure 5-17 show the results 

obtained by adopting DBOD. Note that when initial credit endowment equals to 100 in 

DBOD, it simply means the total credits distributed to all travelers is 100*31,30715. It can 

                                                 

15 31,307 is the amount of travelers. 
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be observed that no noticeable decrease of the number of worse-off users is achieved in 

DBOD scenarios. 

As one can tell from Figure 5-17, initial credit endowment equals to 60 is still the 

only case in which both the group of travelers as a whole and CAA gain profit from TMC 

policies, though the profit achieved in DBOD for both the group of travelers and CAA is 

much lower than that achieved in uniform endowment. Meanwhile, there is no noticeable 

amount of travelers located in bin (12-18) as has been shown in Figure 5-17. In the previous 

uniform endowment scenarios, there were large amount of travelers in bin (12-18) in case 

60. 

 

Figure 5-14: People made better off VS. People made worse off (compared to status quo) in 

DBOD scenarios 
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Figure 5-15: Why users are made worse off in DBOD scenarios 

 

Figure 5-16: The frequency distribution of the individual profit in DBOD scenarios 
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Figure 5-17: The user profit VS. CAA profit in DBOD scenarios 

Inspired by the travel time based O-D specific endowment that can achieve Pareto-
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Where 𝑇𝑇𝑠𝑜𝑖
 is traveler 𝑖 ’s travel time in system optimum condition, 𝑇𝑇𝑢𝑒𝑖

 is 
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to 100 in TTBOD, it simply means 
𝐾

𝑁
= 100. Note that there is difficulty obtaining the 

system optimal solution for AZville network, we replace user equilibrium solution with 

ABMS assignment solution and replace system optimum solution with user equilibrium 

solution obtained by traditional dynamic user equilibrium assignment for Eq. (5-5). 

Once again there are still travelers made worse off in TTBOD scenarios but the 

percentage of travelers that are made worse off is lower than that in uniform endowment 

and DBOD scenarios. Initial endowment equals to 60 is still the best performing scenario 

among all tested cases with positive CAA profit and traveler profit. Note the profit gained 

in TTBOD initial endowment equals to 60 case is much higher comparing to uniform 

endowment, indicating that TTBOD is better compared to uniform endowment at least 

when initial endowment equals to 60. 

Figure 5-22 presents the individual profit versus individual travel time for uniform 

endowment and TTBOD cases when the initial endowment equals to 60. The general 

tendency is travelers with longer travel time are likely to be made worse off in both uniform 

case and TTBOD case, as one can tell as the y-axis value tends to decline when travel time 

increases. After introducing TTBOD, the overall shape of the nodes tends to shrink to a 

smaller region with the population of those who have extremely high or low profit declines. 

This indicates TTBOD is better than uniform endowment in terms of social equity. 
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Figure 5-18: People made better off VS. People made worse off (compared to status quo) in 

TTBOD scenarios 

 

Figure 5-19: Why users are made worse off in TTBOD scenarios 
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Figure 5-20: The frequency distribution of the individual profit in TTBOD scenarios 

 

Figure 5-21: The user profit VS. CAA profit in TTBOD scenarios 
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Figure 5-22: Individual profit VS. Travel Time for uniform endowment and TTBOD when 

initial endowment is 60 
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utility loss while if the initial endowment is too high, CAA may lose money and will not 

have enough revenue to cover operation costs of the TMC system. 
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6 CONCLUSIONS AND FUTURE RESEARCH 

6.1 Conclusions 

This research explored the possibility of adopting the concept of Agent-Based 

Modeling and Simulation (ABMS) to emulate the application of Tradable Mobility Credit 

(TMC), which is a novel Traffic Demand Management (TDM) solution using the pricing 

and market instruments. TMC is a carrot-stick combination application with penalties 

imposed on congestion contributors and subsidies allocated to travelers’ who are willing 

to take alternative uncongested routes and depart during un-peak hours. This study 

established the modeling framework of the TMC system and proposed an ABMS route 

choice model and an ABMS trading behavior model, which were further integrated with 

an existing mesoscopic traffic simulator so the whole iterative TMC system can be realized. 

The ABMS model is computational and is able to provide solutions with much higher 

fidelity compared to analytical models. ABMS model is able to emulate the individual 

decision making process and predict their actions. 

The research team also conducted an online interactive experiment aims to collect 

field data to calibrate and validate the proposed ABMS models. The research team further 

coded the calibrated models in C++ language and presented a dedicated TMC realization 

and evaluation platform. Numerical experiments using the fine-tuned models were 

conducted on two networks. The general findings are: 

1) The phenomenon of induced credit demand can be observed when CAA 

increases credit endowment. Travelers tend to be less sensitive to credit 
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constraint and tend to consume more credit in traffic network when credit 

supply increases. 

2) A carefully designed credit endowment plan leads to a successful TMC system. 

The total traveler welfare increment will be negative if the initial endowment is 

too low while CAA may suffer from a loss of money if the initial endowment 

is too high. In the AZville-31,307 vehicle test, initial endowment should be set 

to 60 units of credits so both the group of travelers and CAA gain profit. 

3) Pareto-improving is not achieved during the test. For the AZville-31,307 

vehicle test, almost 10,000 out of a total of 31,307 vehicles are worse off after 

introducing TMC policies, even though they don’t lose much utility. It has been 

proved by analytical models that a travel time-based O-D specific endowment 

strategy should make everyone strictly better off. On the other hand, the same 

result is not observed in the proposed ABMS model. It is due to the fact that 

perfect network information and truthful bidding cannot be guaranteed in real 

world and ABMS actually captures those imperfections and leads the system to 

a more realistic status. 

The contribution of this research lies not only in the establishment of the ABMS 

commuter behavior models, but more importantly in the integration of different modules 

and the formulation of a systematic evaluation methodology and platform for TMC policies. 

Even though the whole research focuses more on the technical part of the TMC 

system, we also have a questionnaire for participants to fill out during the human research 

inquiring their opinions towards the idea of TMC. It turns out that most of the participants 
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agree that the concept of TMC is an effective method to induce commuters’ behavior such 

as alternating routes or shifting departure times or even cancelling trips. Education and 

penetration of the new scheme are keys for its successful implementation as TMC is a 

relatively complicated system compared to other TDM solutions. Meanwhile, there might 

be aversions from both public and government as people won’t like to be deprived of the 

right of mobility in such a quota system. There is still a long way to go for a TMC scheme 

to be really implemented somewhere. Hopefully this research can provide intelligence to 

potential policy makers’ decision making process. 

6.2 Future research 

Due to the time and budget constraints, 22 participants were recruited for the human 

research while it’s desirable that more subjects can participate so a more solid calibrated 

model can be delivered. Therefore, it is of great research interests to conduct the second 

phase of the online experiment in the coming future with the help from the Economic 

Science Laboratory (ESL) of the University of Arizona. ESL maintains a list of students 

who are interested in experimental economics. To use the student list for recruitment would 

be a much effective channel compared those recruitment avenues explored in the previous 

phase one human research. ESL also provides stable intranet connection between server 

PC and client PCs, based on which the larger scale experiment with more participants 

online simultaneously can be conducted. 

As per what has been revealed in previous human research, some questions within 

the questionnaire can be modified or added so specific responses can be gathered. 

Responses regarding questions such as “By implementing what improvement in TMC 
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strategies you think can make it more appealing to public and government?” are of research 

interests. 
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APPENDIX A - Z-TREE EXPERIMENT PLATFORM 

Stage 0: splash page 

If you successfully establish the connection to server and the server program is 

running, the landing page will pop up in your computer. The experimenter will run the 

experiment at 4PM Eastern Time sharp for the first session and 11PM Eastern Time sharp 

for the second session. Participants who arrive late than those starting times won’t be 

accepted. 

 

Figure 0-1: Landing page 

Stage 1: initial information 
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As soon as experimenter click “run” button on server side, stage 1 will pop up 

showing general information including 1) current period (iteration) number; 2) cash 

balance in your account (only during TMC periods) and 3) your TMC credit balance (only 

during TMC periods). Click “continue” if you finish reviewing those information. Please 

note this stage will automatically terminate in 15 seconds if there is no action. 

 

Figure 0-2: Stage 1 of period 1 (non TMC period) 
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Figure 0-3: Stage 1 of period 11 (TMC periods start) 

Stage 2: route choice 

Stage 2 is for you to choose route based on your knowledge gained from previous 

iterations’ experience. The traffic network will be presented and you are required to either 

select one route out of the three possible routes to travel from the origin to the destination 

or to cancel this iteration’s trip. The system will also show you the travel time and the 

credit charging information (only during TMC periods) for each link of the previous 

iteration so you will have a general idea of how congested those routes are. Those link-

based information is shown next to the corresponding links. Select “submit route choice” 

if you finish the route choice stage. 
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Figure 0-4: Stage 2 of period 1 (non-TMC period) 
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Figure 0-5: Stage 2 of period 11 (TMC periods) 

Stage 3:route choice result 

As soon as all participants finish selecting routes, stage 3 page will pop up showing 

the travel time and TMC charging (only during TMC periods) of the route you took based 

on the input of all participants’ input. Generally speaking, if more participants happen to 

select the route you take, your route will be more congested and thus it results to a longer 

travel time and more TMC charging. Click “continue” if you finish reviewing those 

information. Please note this stage will automatically terminate in 15 seconds if there is no 

action. 

 

Figure 0-6: Stage 3 of period 1 (non-TMC period) 
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Figure 0-7: Stage 3 of period 11 (TMC period) 

Stage 4: auction 

Stage 4 and stage 5 are dedicated to TMC periods. Stage 4 is the stage where you 

are required to submit your auction offers to either buy or sell your TMC credits. You can 

type in your price and volume in the corresponding windows and click “submit buy offer” 

if you want to buy credits or click “submit sell offer” if you want to sell credits. Then your 

offer will pop up in the corresponding offer window. Click “submit offer” if you finish this 

stage. Please note that your current cash and assets of credits are shown in the yellow 

window for your reference. 
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Figure 0-8: Stage 4 of period 11 (TMC period) 

Stage 5: auction result 

After all participants finishing submitting offers, the experiment system will match 

buy offers and sell offers and stage 5 page will pop up presenting your auction result based 
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on the inputs of all participants. Generally speaking, you will be more likely to settle a 

transaction if you are a buyer and your price is higher. As a seller, you will be more likley 

to successfully sell your credits if you price is lower. Please note this stage will 

automatically terminate in 15 seconds if there is no action.  

 

Figure 0-9: Stage 5 of period 11 (TMC period) 
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APPENDIX B - QUESTIONNAIRE DURING ONLINE EXPERIMENT 

 

Figure 0-1: Input name for compensation purpose 
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Figure 0-2: Short questionnaire inquiring participants’ retrospective assessment of TMC 

scheme 
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