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A Study of the Diffusion of Alternative Fuel Vehicles: An Agent-based Modeling Approach
Abstract
This paper demonstrates the use of an agent-based model (ABM) to investigate factors that can speed the diffusion of eco-innovations, namely alternative fuel vehicles (AFVs).  The ABM provides the opportunity to consider the interdependencies inherent between key participants in the automotive industry: manufacturers, consumers, and governmental agencies.  Agent-based models allow for tackling these interdependencies in a very elegant way.  Because ABMs allow conveniently modeling the interactions between multiple agents, each with unique optimization goals, it provides a method for understanding consumer and manufacturer response to diverse environmental changes.  Grounding the agent-based model on empirical data further improves the validity of the model results.  We use choice-based conjoint data of more than 7000 respondents to elicit heterogeneous consumer preferences.  Further, information about manufacturers’ cost structure is available from an established vehicle design tool, AVCEM.  In three experiments, mechanisms are considered for speeding the adoption of AFVs: technology push, market pull, and regulatory push.  Simulation results support the idea that technology push can be an important mechanism for speeding the diffusion of AFVs.  Market pull, i.e. word-of-mouth, also has a positive impact on the diffusion of AFVs and increases the social good by decreasing the preference for fuel inefficient vehicles.  Furthermore, word-of-mouth leads to a higher willingness to pay for AFVs, which indicates that the perceived value of AFVs increases with word-of-mouth.  In contrast, a governmental push that focuses on the manufacturers (fuel economy mandates) leads to a decrease in the social good (air pollution improvement) because market share for fuel inefficient vehicles increases.  This article provides insights into how to set up an ABM to evaluate factors that influence the diffusion of alternative fuel vehicles.  These insights can be applied to other types of eco-innovations.
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A Study of the Diffusion of Alternative Fuel Vehicles: 
An Agent-based Modeling Approach

Introduction
Firms look to embrace eco-innovations in order to reduce environmental burdens or achieve sustainability targets (Klemmer et al., 1999).  However, eco-innovations are normally not self-enforcing in their diffusion.  This is to say they don’t follow the prototypical Bass diffusion curve (Bass, 1969) because of long take-off times (Golder and Tellis, 2004) and diffusion discontinuities (Christensen, 1997).  Slow diffusion is a common occurrence with eco-innovations.  For example, in 2006 solar power accounted for less than 0.1% of electricity generation in the United States, yet has been commercially available for over 60 years, and in 2009 hybrid-electric vehicles accounted for less than 3% of market share more than 10 years after their introduction to the mass market.  In contrast, the iPhone has achieved 10% market share less than 1-year after launch and continues to be a popular seller today.  If eco-innovations are to have an impact on the environment of tomorrow, manufacturers and government agencies must understand how to diffuse these types of innovations today. 
In this paper, we focus on the eco-innovation, alternative fuel vehicles (AFVs).  As automobile manufacturers invest in improving AFV technologies and manufacturing processes, they, as well as governmental agencies, want to know what factors impact consumers’ choices for AFVs.  It is essential to understand the conflicting forces that come into play when diffusing AFVs.  Consumers want to maximize utility but also minimize cost; manufacturers want to maximize profits; and governmental agencies want to maximize social benefits (e.g., air pollution reduction).  Surprisingly, very few academic studies have investigated the interdependencies in this triadic relationship when studying the diffusion of eco-innovations.  Extant studies typically have taken a myopic viewpoint of the issue whether it be from a consumers’ perspective (e.g., Beggs et al., 1981; Brownstone et al., 1996; Byrne and Polonsky, 2001; Urban et al., 1996), a manufacturer’s perspective (Kim et al., 2003; Whitehead, 2001), or a policy perspective (Agrawal and Dill, 2007; Winebrake and Farrell, 1997). 
Discrete choice experiments can elicit consumer preferences for automobiles (Brownstone, et al., 2000; Ewing and Sarigöllü, 2000) but do not consider manufacturer design strategies.  Game theory has proven to be effective in modeling the competitive marketplace among automobile manufacturers (Gielniak and Shen, 2004; Michalek et al., 2004; Moorthy, 1985) but cannot easily model the heterogeneity of consumers.  Econometric models have been used to explore policy implications but do not consider heterogeneous consumer preferences when evaluating the effectiveness of different policies (Boyd and Mellman, 1980). 
It is the aim of this paper to develop a multi-agent model grounded within empirical data to study the interactions between automobile manufacturers, consumers and policy makers.  We focus the study on the impact on the diffusion of AFVs by three specific mechanisms: technology change, consumer interactions, and regulatory policies.  Our model combines engineering design optimization (manufacturer perspective) with choice-based conjoint data (consumer perspective) in order to simulate the dynamic marketplace.  We use the Michalek et al. (2004) game theoretic model as the foundation for our study, but expand upon it by building in heterogeneity of consumer demand and competitive influences.  We conduct experiments implementing different mechanisms to explore the resulting impact on the diffusion of AFVs within the simulated model. 
ABMs are ideally suited for investigating the interactions between multiple agents because they allow modeling of heterogeneity of choice within a complex decision making environment, where the decision of one agent can impact the decision of another agent.  ABMs have recently received recognition as a viable methodological alternative through examples in the marketing literature (Garcia et al., 2007; Goldenberg et al., 2002; Goldenberg et al., 2001) and innovations literature (Garcia, 2005). 
This paper makes both methodological and empirical contributions.  From a methodological perspective, we extend upon recent studies (Journal of Business Research special issue 30(8), August 2007) by demonstrating a method of establishing system equilibrium where multiple agents have different optimization goals.  We do this by combining an engineering design optimization model with a consumer choice model grounded in empirical data.  By modeling the interaction between multiple agents, each with unique optimization goals, this paper provides a method for anticipating heterogeneous consumers’ response to automotive design changes.  From an empirical perspective, we extend eco-innovation diffusion models by simultaneously considering manufacturers’, consumers’, and governmental agencies’ decision-making in the diffusion process.  Our simulations provide normative insights for speeding the diffusion of AFVs.  
The remainder of this paper is organized as follows.  We first present the theoretical background on which we base our ABM and the subsequent experiments.  We then describe how we derive the demand and supply estimation equations that are used in the ABM.  We next describe the steps taken in verification and validation of the ABM, which is followed by the results of the simulation experiments.  Finally, we conclude with a discussion of the impact of manufacturers’ activities, consumer interactions, and government policies on the diffusion of AFVs. 
Theoretical Perspective
In diffusion of technological innovations studies, theory focuses on whether innovations are driven by technological development (technology push) or by demand factors (market pull) (Adner and Levinthal, 2001).  Empirical evidence has shown that both can be important (Pravitt, 1984).  Technology push comes when manufacturers put innovations into the market place and withdraw existing products.  Numerous studies have shown how innovative technology displaces existing technology and alters the marketplace (Christensen, 1997).  For example, electric cars in America outsold all other types of cars in the years 1899 and 1900.  The more affordable internal combustion engine (ICE) displaced the electric vehicles in the early 1900s.  Ironically, due to technological advances, there is modern day resurgence in ‘pushing’ EVs back into the market replacing the ICE.
Generally pushing eco-innovations to the market when consumers presumably do not want to buy these innovative products may be a losing strategy for manufacturers.  Introducing eco-innovations to the market evoke additional costs for product development and manufacturing beyond what is required for traditional products.  Additionally, research has shown that the premium consumers are willing to pay for eco-friendly products is small (Loureiro et al., 2002).  As long as consumers do not have a strong preference for eco-innovations such a sustainable behavior might lead to a prisoners’ dilemma for manufacturers – no one wants to be the first to commit.   This stance has been evident in the current supply of AFVs within the US where consumers lack of preference shape demand, and consequently result in a limited supply in comparison to ICE vehicles.  However, we question if car manufacturers willingly embraced AFVs as just another discontinuous innovation and displaced the ICE with the AFV, how would consumers respond?  We investigate this market situation to determine how effective technology push is in creating a marketplace where only AFVs are available.
Market factors are also important in speeding diffusion of innovations, and in particular resistant innovations (Ram and Sheth, 1989).  Market pull suggests that the stimulus for innovation adoption stems from consumer needs.  When manufacturers develop technologies that satisfy these consumer needs, innovations will be adopted quickly.  An antecedent of innovation adoption is consumers’ domain-specific knowledge (Meuter et al., 2000; Moreau et al., 2001).  Consumers knowledge comprises information about product attributes as well as about product performance.  Standard marketing tools are used to convey information about a product’s attributes.  In the case of AFVs, consumers can easily collect information about the vehicle’s attributes on the manufacturer’s website, consulting a dealer or through other advertising.  However, it is well understood that consumers rely more on other consumers or experts to assess actual product performance than on company information because they evaluate these sources of information as more reliable (Herr et al., 1991; e.g., Kopalle and Lehmann, 1995).  That is also the reason why word-of-mouth is considered as a powerful marketing tool and a determinant of market pull (e.g., Moldovan and Goldenberg, 2004; Goldenberg et al., 2001).  Many studies show that word-of-mouth positively affects sales, which indicates that when consumers communicate about their product experience, they influence others in their preferences and finally purchase decision (e.g., Chevalier and Mayzlin, 2006; Dellarocas et al., 2007; Duan et al., 2008).  The receiver of the message gains new information and might eventually update her preferences when she considers the information as valuable (Weiss et al., 2008).  A research question we pose is how does word-of-mouth affect consumer preferences for AFVs?  We investigate this effect to determine if market pull would be effective in stimulating adoption of AFVs.  
Rennings (2000) stresses that technology push and market pull are not always effective in diffusing eco-innovation, thus, regulatory intervention is frequently required to facilitate diffusion.  Failure by firms and consumers to embrace green or eco-friendly products is known as a problem of ‘externality’.  This arises when a transaction between parties affects a third party, positively or negatively (Baumol and Oates, 1988).  For example, a firm might produce and sell a good to a consumer to both the firm’s and the consumer’s advantage, but the production may negatively impact society.  A classic example is a factory’s release of CO2 emissions as it produces vehicles, even environmentally friendly AFVs.  When externality exists, the market system will typically lead to an inefficient outcome because the impact on any third parties is not considered by the parties participating in the exchange.  Due to the externality problem of eco-innovations, government intervention is often required within a regulatory framework (regulatory push or pull) (Rennings, 2000).  Empirical evidence shows, the regulatory framework, and especially environmental policy, have a strong impact on diffusion of eco-innovation (e.g., Faucheux and Nicolaï, 1998; Kemp, 1997).
Thus, to fully explore the mechanisms that can effectively impact the diffusion of AFVs, we must consider three perspectives: (a) technology push, (b) market pull, and (c) regulatory push/pull (Figure 1). 
------------------------------
Insert Figure 1 about here
-------------------------------
Methodology
We use an agent-based model (ABM) for our micro-simulation.  In developing our model, we simulate individual micro-level decision-making agents, including vehicle manufacturers and consumers.  We consider the engineering design of manufacturers, the competition among manufacturers, and the purchasing behavior of consumers; collectively these agents may be impacted by governmental policies.
Manufacturers seek vehicle designs that maximize their profits.  Consumers seek a vehicle from the available options that maximizes their utilities.  Governmental policies aim to encourage the spread of environmentally friendly vehicles.  Governmental policies can influence the vehicles’ design and production behavior as well as consumers’ purchasing behaviors, thereby, shifting the market place equilibrium.  Using an ABM allows us to evaluate the interactions between the different push and pull strategies by the agents. 
There are several reasons we use an ABM.  First, a micro-level analysis is of interest in order to capture the heterogeneity of decision making by manufacturer and consumer agents, which allows us to extend upon extant studies that only consider homogeneous consumer preferences or singularity in engineering design choices (Michalek et al., 2005; Michalek et al., 2004).  Although other methods can evaluate interaction effects, the ABM is preferred for modeling interactions between heterogeneous agents because it can be modeled at the individual micro-level, yet, allows for analysis at a macro-level where policies implications are observed.  Second, since ABMs can be instantiated with empirical data, we gain an understanding of how actual market place mechanisms impact manufacturer and consumer choices in speeding diffusion.  This allows us to provide practical implications for diffusing AFVs as we have empirical information as our basis.  Third, the ABM allows us to obtain Nash equilibrium in a multi-agent environment where agents have distinct, competing goals. Thus, multi-player games can be easily modeled with an ABM.  
ABM development
Although we study three types of mechanisms, we identify four types of agents in our model: ‘manufacturer agent‘, ‘vehicle agent‘, ‘consumer agent‘, and ‘government agent’. Creating a ‘vehicle’ agent allows us to easily include multiple vehicle designs into the model.  Manufacturers can choose from thousands of possible vehicles to introduce to the market place as price and fuel economy are taken as continuous variables.  By separating the ‘vehicle agent’ from the ‘manufacturer agent’, design parameters can be updated as information about new technology or improved technology becomes available.  In the model manufacturer agents design and produce vehicles and consumer agents purchase vehicles that provide profit to manufacturer agents; the governmental agents can influence both manufacturers and consumers by its policies.  Figure 2 provides a simplified flow chart on how the different agents interact with each other in our model.  
------------------------------
Insert Figure 2 about here
-------------------------------

	Manufacturer Agents.  We base the profit function for our manufacturers on previous research (Michalek et al., 2004) which provides an extant engineering design optimization model for which to validate our ABM against.  Michalek et al. (2004) provide an analytical model of engineering performance, consumer demand and manufacturing costs that is evaluated using game theory in order to observe design choices at market equilibrium.  Using this as our foundation, the profit of manufacturer agent  is calculated as

		(1)










whereis the product line of manufacturer, is the quantity sold of vehiclein the product line  andis the price of vehicle, is the production costs for vehicle j, and are the total production costs of manufacturer k, as described below. In our model, for each manufacturer.
We can rewrite Equation (1) to

		(2)

where z2,j are the manufacturing cost for vehicle j, cI are the investment cost to set put a product line, which are incurred only when manufacturers change to a different fuel type, and  is potential governmental penalty if certain standards are not met.  We further discuss this penalty below when describing the ‘government agents’.


	Manufacturer agents decide upon engine type, fuel economy, vehicle type, and price.    Manufacturer agents set the price of the vehicle based on the manufacturing cost per vehicle, , and the markup(manufacturer parameters are defined in Table 1):

		(3)
-----------------------------------
Insert Table 1 about here
------------------------------------
Similar to Michalek et al. (2004), we seek market (Nash) equilibrium amongst competing manufacturers.  In order to search for the equilibrium point, simulated annealing (Brusco et al., 2002; Černý, 1985; Kirkpatrick et al., 1983) is employed in which each manufacturer separately optimizes its own profit while competitor manufacturer decisions are held constant.  Simulated annealing allows us to easily model any number of competitors not limiting ourselves to 2 player games.  In each step of the simulated annealing algorithm, the current solution is replaced by a random "nearby" solution, chosen with a probability that depends on the difference between the corresponding function values and on a global parameter T (called the temperature, because of the algorithm’s basis in metallurgy), that is gradually decreased during the process.  The dependency on the temperature is such that the current solution changes almost randomly when T is large, but increasingly undergoes minor shifts as T goes to zero.  The allowance for random moves saves the method from becoming stuck at local optima, and thus can reach equilibrium more efficiently than genetic algorithms.
Table 2 shows the applied algorithm.  The entire simulated annealing process (where each manufacturer sequentially searches for its optimal design space) is considered one ‘iteration’ in our model.  It is with this method that our manufacturer agents make design changes while also taking into consideration competitors’ product offerings.  Manufacturers seek profit optimization under this interactive competitive environment until Nash equilibrium is reached.  

------------------------------
Insert Table 2 about here
-------------------------------
Vehicle Agents. Utilizing vehicles as an ‘agent’ allows the manufacturer agents to easily change design parameters of vehicle offerings.  The design parameters are based on AVCEM (Advanced Vehicle Cost and Energy-use Model), an analysis package for modeling of traditional vehicles and AFVs (Delucchi, 2005).  Although AVCEM can consider many parameters, we focus on four: vehicle design, fuel type, engine power and aluminum content (a proxy for curb weight) consistent with research by Michalek and colleagues (2004, 2005).  We do not directly integrate AVCEM into our agent-model, but instead build design matrices for costs and for miles per gallon that vary based on power train design (9 levels) and aluminum content (7 levels). These look-up tables are hard-coded within the ABM.[footnoteRef:1]  [1: 	Tables are available from the primary contact author.] 




Consumer Agents. The consumer agents are modeled to make purchasing decisions based on their preferences.  Following on Garcia et al., (2007), we use choice-based conjoint data from an empirical study we conducted to model heterogeneous consumer agents.  Therefore, the probability for consumer  choosing vehicle  from the product set  is calculated as:

		(5)





where is the partworth of the none-option of consumer . The utility  of consumer  for vehicle , which depends on the products’ characteristics v, including vehicle design, fuel type, miles per gallon, miles between charge, and price, is the sum of all partworths:

		(6)
In conjunction with AutoWeek, the online newsletter for car aficionados, we surveyed their panel of 20,000 automobile experts, for which we received 9,504 responses.  After eliminating the duplicates and incomplete surveys we had a sample of 7,595 or a 38% response rate.  Because of their interest in automobiles, 8.8% of the sample currently owns an AFV (which includes diesel engines); this is in comparison to 6% nationwide in the US. 
Respondents answered 12 choice tasks with 3 vehicle choices and a none-option (see Table 3 for the choice-based conjoint design).  Further in the survey, respondents were asked how many owners of AFVs they have talked to and three questions about their domain-specific knowledge about AFVs (fueling, maintenance, and sticker price), which were measured on a 1-7 scale.  The reported number of AFV owners a consumer has talked to represents the word-of-mouth activity in the market, WOMi.  We test whether current domain-specific knowledge and word-of-mouth affect consumers’ preferences for the different product characteristics. To take these dependencies into account, we model the partworths of the utility function as a function of word-of-mouth and knowledge (Lenk et al., 1996): 

	(7)
------------------------------
Insert Table 3 about here
-------------------------------
This formulation allows us to determine whether domain-specific knowledge and/or word-of-mouth affect consumer preferences.  If word-of-mouth has a positive effect on consumer preferences for AFVs, manufacturers and governmental agencies could think about means to stimulate word-of-mouth communications.  We estimate the average influence of word-of-mouth and domain-specific knowledge on consumer preferences (Lenk et al., 1996), making the simplifying assumption that every consumer is affected by word-of-mouth and domain-specific knowledge in the same way.  This assumption might be relaxed in the future to allow for heterogeneous effects of word-of-mouth on consumer agents.  Further, it is important to note that we do not assume that word-of-mouth acts as a social norm.  Consumers can decide whether they adapt their preferences or not after talking to AFV adopters.  There is further no assumption whether their preferences improve or decline for AFVs.  
 We estimate the parameters by using an Hierarchical Bayes (HB) MNL model which uses a continuous representation of heterogeneity, i.e. individual parameters are estimated (Andrews et al., 2002; Lenk et al., 1996; Rossi et al., 1996).  We use MCMC algorithms to estimate the individual partworths and the effect of WOM and knowledge on consumers’ preferences.  When estimating the parameters we use 10,000 iterations for burn in and another 10,000 draws for each respondent to derive the individual partworths.  We find that this number of iterations is sufficient to reach convergence (stationary of Markov chain).  We assess the goodness of fit of the model by using the geometric mean of the predicted probabilities of the 12 choices.  This metric has a value of 0.71 and indicates a good fit of the model with the observed choices.  Table 4 shows the average partworths across individual consumers adjusted for an individual’s knowledge base for the different product characteristics and the WOM adjustment factor, which is applied only when conducting experiments with WOM. .
------------------------------
Insert Table 4 about here
-------------------------------
Each consumer agent is initialized with the partworths corresponding to an individual survey respondent (Garcia et al., 2007).  The partworths reflect the knowledge base of the individual with regards to AFVs.  We expect this knowledge to be higher than a more general population because our survey respondents are automobile buffs.  In fact after adjusting the partworths for knowledge, more than 30% of our sample showed a first choice preference for hybrid vehicles.  In the general population, the first choice is about 6% in the United States, based on current market share for AFVs – hybrids, electric, and diesel.  However, the choice-based conjoint data reflect consumers’ stated preferences today, while the current market shares of AFVs reflect past preference.  A comparison is thus impractical. Further, our sample represents car aficionados whose preferences might be different from the mainstream consumers. 


Government Agent. The government agent establishes policies in order to influence the vehicle production of manufacturers and the purchasing behavior of consumers.  Policies can be directed at manufacturers and/or consumers.  We investigate the impact of Corporate Average Fuel Economy (CAFE) regulations on the penetration rate of AFVs in our simulated market place.  In 1975, the United States government implemented CAFE, which established a minimum average fuel economy standard that each manufacturer’s vehicle fleet must meet to avoid penalties.  This regulatory push targets manufacturers, but the National Highway Traffic Safety Administration also claims that consumers will save billions in fuel costs over the lifetime of vehicles that fall under the rule.[footnoteRef:2]  These potential cost savings might influence consumers to buy an AFV.  We investigate the impact of the current CAFE standards on manufacturers’ vehicle design choices and the resulting indirect impact on consumers’ choices. We choose to evaluate this regulation over others because of the trickledown effect from manufacturers to consumers.  The penalty charge for noncompliance with CAFE is =$55 per vehicle per mpg over the limit.  Thus, the total regulation cost of manufacturer agent  is then [2: 	 http://www.nhtsa.dot.gov/CARS/rules/CAFE/overview.htm.
] 


		(8).
In this study, the government agent is exogenous, thus, it is not seeking any optimization functions. We discuss this limitation of the study in the conclusion. 
Verification & Validation of ABM
Verification and validation is one of the biggest challenges ABM modelers face (Midgley et al., 2007).  Carley (1996) integrates the verification and validation process for agent models by outlining four validation steps: grounding, calibrating, verifying, and harmonizing.   Successfully completing all steps results in model validation.  Throughout model verification and validation procedures we use a hold-out sample of one halve of the data set.  The remaining halve is used to run the experiments.  In sensitivity analysis, the number of consumer agents does not significantly impact the final results.[footnoteRef:3]  [3:  	Details about the verification and validation are available from the primary contact author.] 

Our model is grounded on the research domain of the NSF sponsored project MUSES: Environmental Policy, Auto Design, & Materials Flows.  The goal of the MUSES project is “to produce modeling tools and methods that can be used to analyze changes in materials flows that would result from policy instruments aimed at reducing GHG emissions from passenger cars and light trucks.”[footnoteRef:4] [4:  	http://sitemaker.umich.edu/autopolicydesign/home.] 

We calibrated the model with the parameters from Michalek et al. (2004) and the choice-based conjoint data.  We used the Michalek et al. (2004) study design parameters within our ABM to instantiate the manufacturer agent.  We then used the partworth estimates to calibrate the consumer decision process.  During model calibration we consistently found that the ABM overestimated the acceptance of AFVs compared to the actual market share.  We, thus, adjusted the consumer agent parameters to more accurate reflect the actual marketplace by linearizing the price partworths so that demand is downward sloping as price increases. 
We verified the model by conducting model-to-model comparison experiments following the guidelines of Garcia et al. (2007) and Fagiolo et al. (2006).  We first compared the output from the ABM manufacturer optimization algorithm by comparing our results to the Michalek et al. (2004) game theoretic model.  As Michalek et al. (2004) used a homogeneous consumer base, we also used the same single consumer profile during the verification procedure.  As we found no statistical difference between our results and their results, we felt comfortable with verification of the manufacturer design module.  The second verification step replicated the results of Sawtooth Software’s simulator SMRT (Sawtooth Software Inc., 2009).  We entered six different types of vehicles in SMRT and compared the share of preference results as calculated by SMRT to those obtained with the ABM.  Six vehicles were chosen to represent the six model-type (sedan and SUV)/fuel-type (gasoline, hybrid, electric) combinations that were possible.  During this verification step the manufacturer agents were not able to change their vehicle designs from what had been set at initialization.  T-tests of difference in means show that the market shares from the ABM and the SMRT simulations are not statistically significant.[footnoteRef:5]  By utilizing model-to-model comparison of two very different models, the Michalek et al. (2004) game theoretic model, which focuses on manufacturer optimization, and the SMRT simulator, which focuses on consumer choice behavior, we feel confident with the verification of our ABM.  [5:  These results are available from the primary contact author.] 

We harmonized the model output by testing the entire model, combining the manufacturer decision process with the consumer decision process.  For example, we segmented consumer agents and ran only homogeneous segments to determine if manufacturer agents would design vehicles that meet the preference of these segments.  We found that it did.  After conducting the verification and validation tasks, we were confident that the ABM could be utilized as a tool to assist in testing mechanisms that can impact the diffusion of AFVs.  In the following experiments we allowed full heterogeneity of consumer agent preferences and manufacturers were allowed to change the design of vehicle offering as constrained only by the design space. 
Base Case. The base case is driven by the choice-based conjoint results and AVCEM data.  Although our sample population more favorably views AFVs than the mainstream market, as previously discussed, we can use this baseline to understand the impact that different mechanisms have an the overall system of agents.  When we view the survey respondents as early adopters for new automotive technology, we can view our simulation results as indicative of the marketplace response where consumers are receptive to eco-innovations.  
The goals of the agents in the base case are for manufacturer agents to maximize profits and for consumer agents to maximize utilities.  Manufacturers’ product designs are driven by consumer preferences as well as by competitors’ product designs.  Consumers’ utility maximization is based upon the designs offered in the marketplace by the manufacturers, making the two entities’ optimization dependent upon each other.  Of course, consumers want to pay the least amount of money for the most fuel efficient vehicle with their preferred styling.  Yet, manufacturers will try to maximize profits by exploiting profits from a niche market or designing a better performing vehicle at a lower price than its competitors.  Design decisions of one manufacturer directly influence the design decision of another manufacturer as each tries to maximize profits.  Thus, the base case is an interactive simulation where both manufacturers and consumers are able to alter their choices until equilibrium is reached.  No exogenous mechanisms are put into place in the base case.
The manufacturer is initially randomly assigned to one of the six types of vehicles (gas-sedan, gas-SUV, hybrid-sedan, hybrid-SUV, EV-sedan, EV-SUV).  Manufacturers enter the marketplace with their assigned vehicle and compete against other manufacturers. Consumers evaluate the vehicle designs offered by the manufacturers and make a purchase decision by choosing one of the six offerings or the none-option.  In this way, all the manufacturers compete against each other for a limited number of consumers.  Manufacturers not satisfied with their profit levels, can re-design the vehicle if they are willing to incur the R&D investment cost, cI.  More than one manufacturer can design the same vehicle.  We frequently find that two to three manufacturers design a vehicle that only differs in miles per gallon and price.  For example, in the base case two manufacturers design gas sedans but one offers the vehicle at 26.14 miles per gallon (MPG) and the other offers it at 27.61 MPG.  The most frequently recurring design is 26.14 MPG, which we report in Table 5. 
In Figure 3, we provide the market share results for the base case using the average of 10 runs at 40 iterations each run.  The market reaches equilibrium after about 20 iterations.  In equilibrium, no manufacturer is better off by producing a different type of vehicle and no consumer is better off by picking a different type of vehicle.  We let the model run for 40 iterations to ensure equilibrium has been reached.
Averaging across the 400 iterations of the base case analysis we find that gasoline engines take the largest market share at 42.5% (34.9% for sedans and 7.6% for SUVs) followed by 33.2% for hybrid sedans (there were no sales of hybrid SUVs).  We find in the base case that the none-option has 23.9% of market share, thus, signifying that there are other types of vehicles that would provide better utility to consumers, but are not available in the simulated market place. In the base case, no manufacturer builds electric sedans and only one electric SUV is ever sold. 
The mode miles per gallon of the 10 runs is 26.14 for gasoline sedans, 22.94 for gasoline SUVs, 36.14 for hybrid sedans, and 108.13 for electric SUVs (Table 5).  There is no hybrid SUVs or EV sedans manufactured in the base case.  Table 5 also shows the average vehicle price set by each manufacturer. 
------------------------------
Insert Table 5 about here
-------------------------------
Experiment Results
	We conducted three experiments in order to better understand the mechanisms that can speed the diffusion of AFVs:
1. Implementation of Technology Push: AFV Mandate
2. Implementation of Market Pull: Word-of-mouth (WOM)
3. Implementation of Regulatory Push: CAFE standards.
In running each experiment we first let the model reach equilibrium and then introduce the shock (mechanism) at iteration = 20.  Each experiment was run until equilibrium was reached, which was about 40 iterations in total; 20 to reach the initial equilibrium and approximately 20 to reach a post-shock equilibrium. The results of these experiments are shown in Figure 3 and Table 5.  Figure 3 shows how consumer preferences (as reflected through market share) change in the experiments, and Table 5 demonstrates how manufacturers change their vehicle designs from the base case in each experiment.  Competition between manufacturers drives the price that is set for each vehicle design.  
Experiment 1: Technology Push – AFV mandate. In Experiment 1, we look at what would happen in the market place if manufacturers only produced AFVs, both hybrid and electric.[footnoteRef:6] The results show that hybrid sedans take 66.8% of the market share and hybrid SUVs take a niche market (5.5% of market share –Figure 3) because this is the only choice for SUV-loving consumers.  Electric vehicles take less than 1% market share.  This small market share for EVs is driven by the high prices set for electric vehicles, which reflects the high manufacturing cost.  One manufacturer did produce an electric sedan priced at $32,000, but this was not a profit maximizing endeavor and the firm eventually discontinued this product.  Electric SUVs also never take-off in the simulated marketplace.   [6: 	Because information on diesel engines is not available from AVCEM we do not consider them in our model.  ] 

As one would expect, the none-option increases from 23.9% in the base case to 27.5% in Experiment 1; this is a 15% increase.  This is not surprising because our survey results indicate that there are numerous reasons why people do not like AFVs, particularly the long pay-off times in fuel savings compared to the higher price paid for an AFV.  What is surprising is that the increase in the share of the none-option is not larger.  These results support the idea that given no other choice in engine design, American drivers will be satisfied with hybrid options.  Technology push could be an important mechanism for speeding the diffusion of AFVs if the price is affordable. 
Experiment 2: Market Pull – WOM considered. In this experiment, we look at the impact of word-of-mouth on the diffusion of AFVs.  We model WOM in a fashion similar to Toubia et al. (2009) who quantified social interactions as the number of adopters of an innovation that an individual had spoken to about the innovation.  In our survey, we asked respondents, ‘How many owners of an Alternative Fuel Vehicle have discussed their vehicle with you?’ The answers ranged from 0-100 with a mode of 3.  In our simulation when instantiating a consumer agent, we assigned a social network to that agent based on the answer to this question.  An agent could only be impacted through WOM if their ‘neighbor’ had adopted an AFV.   For example, if an agent had reported that 10 people had discussed AFVs with them, the agent would be networked to 10 other randomly chosen consumer agents.  In the experiment, only when one or more of the 10 consumer agents had adopted an AFV, could they influence the non-adopter.  The WOM adjustment factor (Table 4), obtained from the choice-based conjoint results is multiplied by the number of influencers to adjust the partworths and added to total utility (equations 6 and 7).  Adoption of AFVs in our model never reaches 100% because we do not assume perfect mixing of individuals that can impact each other.  Figure 3 shows the market share for each type of vehicle. 
	We find a positive influence from WOM on the adoption of electric vehicles, both sedans and SUVs.  It was interesting to note that the more expensive the vehicle, the greater was the preference for that vehicle due to word-of-mouth.  This presumably reflects a perception of prestige from higher priced vehicles.  Because consumers are willing to pay more for AFVs due to WOM, manufacturers are able to sell the more expensive vehicle to a niche market despite the higher price (Table 5). 
There was a negative impact from WOM on SUVs, both hybrid and gasoline engines. Because of the negative perception about SUVs, hybrid SUVs were not manufactured and gasoline SUVs lost market share compared to the base case.  As manufacturers were no longer manufacturing hybrid SUVs, two different types of hybrid sedans entered the marketplace as opposed to the one design in all the other simulations.  The most prevalent design was 36.14 MPG at $28,700 and the new design introduced was at 37.61 MPG at $30,300.  Market share for hybrid sedans increased slightly now that there were two options available.  Overall, we find that WOM had a positive impact on the diffusion of AFVs and helped to increase the social good by decreasing the preference for the fuel inefficient SUVs (17.9% decrease compared to base case). 

Experiment 3: Regulatory Push - CAFE standards imposed.  Following on previous MUSES studies, the government agent is exogenous to the system.  The regulatory goal is to minimize air pollution by encouraging purchases of AFVs through the implementation of CAFE standards.  As previously noted, any vehicle not built to the 27.5 MPG standard must pay a penalty.  This penalty directly impacts the profit level of the manufacturer as described in equation 8.  In comparison to the base case, we see a slight increase in the price of gas sedans, which reflects the small penalty paid for being 1.36MPG under the standard.
The biggest change we see in this experiment is that SUVs become more attractive.  With CAFE, manufacturers improve the MPG of the gasoline SUV (24.42 MPG compared to 22.94 MPG).  Hybrid SUVs also gain market share as it is now offered at a higher MPG with a lower price than the gasoline SUV (recall in the base case there were no hybrid SUVs produced by manufacturers).  The hybrid SUV also gets similar gas mileage as the gas sedan (26.14 MPG for the gas sedan compared to 25.94 for the hybrid SUV –Table 5), thus, making it attractive to consumers who are more fuel-efficiency conscious. 
Thus, the overall effect from CAFE is that we see the market share for AFVs in the simulation increases because of the market place acceptance of hybrid SUVs.  CAFE is successful in increasing the market share of hybrids (sedan and SUVs combined) by 9.5%, showing that it can be effective in helping with the diffusion of AFVs.  However, the social good (air pollution improvement) decreases because market share for the fuel inefficient gasoline and hybrid SUVs increases by more than 35%. 
Discussion
In this study, we developed an ABM that combines the empirical results from an engineering design study (AVCEM - Delucchi, 2005) with the results from a choice-based conjoint survey (conducted for this study).  We use this model to gain an understanding of the mechanisms that may influence the adoption rate for AFVs.  The intent of this model is to provide practical insights to governmental policy makers and automobile manufacturers on how consumers’ preferences may be motivated to change their preference more favorably towards AFVs.  It also provides a methodology to investigate the diffusion of other types of eco-innovations.  A limitation of our study is our sample population is favorably biased toward alternative fuel vehicles.  We believe this does not diminish our findings because it is the general trend of consumer response to different mechanisms meant to encourage the adoption of innovations that is the major focus of this study.  An advantage of ABMs is that we can examine the underlining causality in interactions in order to gain insights not otherwise observable.  This allows us to gain a better understanding of the effects of the mechanisms.  
In our simulations, we first establish a base case that accounts for consumers’ existing knowledge about AFVs through a covariate adjustment of the partworths.  In the base case, the equilibrium design for hybrid sedans prices are about $26,000 with average MPG of 36.14 and about 33% market share, with no sales of hybrid SUVs.  In the current US marketplace, hybrid sedans have fuel economy ranging from 22 to 48 MPG with vehicle prices between $23,700 and $29,300, and less than a 3% market share.  This difference in market shares is however not surprising because we simulated a market with just 6 different car types available, while there are a couple of hundred car types available in the current US market.  Thus our market shares are biased upward.  Another reason for the difference in market shares is that we focus on consumers’ stated preferences while today’s market shares reflect consumers’ past preferences. Due to the public discussion about global warming, consumer preferences for AFVs have probably improved.  The price differential between ICE vehicles and hybrid vehicles sold in the United States averages about 35%; however, in the simulated model it averages just 14%.  This smaller price differential makes the hybrid more attractive to the consumer agents.  However, since we are interested in the effects of difference mechanisms on the adoption of AFVs, these potential biases do not diminish our findings.  That the market share for hybrid sedans is significantly higher than observed in today’s market place is indicative that knowledgeable consumers will adopt hybrids when the benefits (in particular, MPG) outweigh the costs. 
The base case supports the overall market consensus about hybrids. "General Motors is cutting its hybrid losses. The Chevrolet Malibu Hybrid, and it's even lesser known sibling, the Saturn Aura Hybrid, are both going away for 2010. Neither model ever made much of a dent in the hybrid market, largely because their mild hybrid drivetrains didn't allow the cars to boast the big mileage numbers most consumers expect from hybrids." (Hellwig, 2009).  Our choice-based conjoint results confirm that MPG is the most important attribute when choosing ICE and hybrid vehicles. This is followed by price.[footnoteRef:7]  Our choice-based conjoint results coupled with the base case simulation support this current trend by showing that consumers will buy hybrids when the MPG performance is high enough to warrant the higher price.  It is the combined low performance-high price of these vehicles that keep consumers from adopting.    [7: 	Importance scores are available from the authors.] 

In regards to electric vehicles, our base case shows there is little interest by consumers.  The choice-based conjoint importance scores indicate the price is the most important attribute for electric vehicles with fuel economy (miles per charge) as secondary.  The results from our base case simulation show that if price and MPC are in balance, there is a small niche of consumers who will be interested in electric vehicles.  In the base case although there were no sales of EV sedans, electric SUVs were selling at $133,000 if the vehicle had 100 or more miles between charges.  The big automobile manufacturers are currently unable to deliver EV SUVs with this range at this price.  In 2010, only Tesla Motors is offering any type of car with a range greater than 100 miles with a starting price of $100,000, and it’s a sedan model.  Our study indicates there is a currently a small niche market for EVs.  For this type of vehicle to reach the mainstream market, the price will have to decrease significantly. Other issues that consumers are concerned about include battery replacement and charging station availability; issues that will be addressed in future research.
The major intent of our study was to gain an understanding of what mechanisms may influence American car drivers to adopt AFVs, thus, we conduct three experiments.  In our first experiment, we look at how technology push may impact consumers’ purchasing decisions.  We find that limiting the choice of types of engines did not cause consumer agents to mass migrate to the none-option.  The percentage of ‘none’ choices increased by 15% in comparison to the base case.  This is comparatively small compared to the increase in AFV market share in the simulation, which was 121%.  These results suggest that technology push can be important in the diffusion of AFVs, and with other eco-innovations. This is in agreement with previous findings by Ram and Sheth (1989) who found that in order to diffuse resistant innovations, sometimes a mandate needs to be enforced.  Governmental policy makers may want to consider how to put this type of mandate in place.  Likewise, automobile manufacturers may want to view AFVs as just another discontinuous innovation that replaces the incumbent technology.  We believe this is an important finding because it is indicative of consumers’ favorable preferences overall for AFVs.
In our second experiment, we investigate the impact of word-of-mouth on the diffusion of AFVs.  Word-of-mouth has a negative impact on the market share of both hybrid and gasoline SUVs compared to the base case.   However, word-of-mouth has a positive impact on the adoption of the other types of AFVs.  Manufacturers of EVs find a small niche to satisfy.  Additionally, the sales of hybrid sedans increase despite an increase in price compared to the base case (see Table 5 for comparisons).  It should be noted that not all word-of-mouth is positive for each of the attributes (see Table 4).  For example, the word-of-mouth adjustment factor is negative for hybrid engines, yet, in our simulation we see an increase in market share for hybrid sedans compared to the base case.  This is because when all the attributes are combined, hybrids have positive word-of-mouth that propagates among networked consumers.  Our results support previous research that shows that word-of-mouth can be a positive influence on speeding the diffusion of innovations (Moldovan and Goldenberg, 2004).  In our model we find that as consumers become more aware of the benefits of AFV ownership, they are willing to pay more for these types of vehicle.  Table 5 shows this 10.3% increase in price for hybrid sedans and 14.7% increase in price for electric SUVs compared to the base case.  Thus, WOM can have a positive impact on market place acceptance of AFVs.  Manufacturers should consider how WOM can be harnessed for speeding the adoption rate.  
In the third experiment, we find that CAFE is effective in increasing the diffusion of alternative fuel vehicles.  The overall sales of AFVs (both hybrid sedans and SUVs) increase significantly (more than 9%).  However, consumer agents buy more hybrid SUVs compared to the case when CAFE is not implemented.  Thus, CAFE is ineffective in maximizing the social good (air pollution reduction) because SUVs become more attractive to consumers.  Additionally, CAFE has no impact on improving the fuel efficiency of gas sedans.  Manufacturers design sedans with 27.6 MPG without CAFE, which is slightly higher  than the current CAFE regulation of 27.5 MPG.  For vehicles that fall outside of the CAFE standard, the penalty is passed on to the consumers in the form of higher prices.  Consumers are willing to pay the higher price in order to buy their preferred car.  Thus, the effectiveness of CAFE in increasing the adoption of AFVs in order to improve the social good must be called into question.  Both society and the individual consumers are negatively impacted when CAFE is implemented.  CAFE and other policies that impose fees that can be re-directed toward the retail price of a vehicle may not be the answer. 
Limitations/Future Research
There are several limitations to our study.  The first is that we only focused on three mechanisms, one from each category of technology push, market pull and regulatory push. There are many different types of governmental policies that can be implemented.  In fact the US government has implemented a popular tax rebate policy for hybrids, which we did not explore in this study.  This rebate is targeted at consumers instead of manufacturers.  Instead we focused on CAFE because the trickledown effect from manufacturer to consumer allows us to look at the interdependencies between these two different types of agents.  We intend to look at the trade-offs of positioning policies at consumers versus manufacturers in future work. 
Additionally, market pull can take many forms such as advertising campaigns, price discounts or other marketing incentives.  We only focused on word-of-mouth for simplicity.  We also did not investigate the impact of network structure on WOM because it is difficult to collect this type of data from the panel to which we had access.  Toubia et al. (2009) show that diffusion studies are valid even without exact network data if aggregate diffusion is considered; exact networks of individuals are not required.  We, thus, believe that evaluating the aggregate results from the ABM is a valid procedure in observing WOM impacts. 
In technology push, it is unlikely that American automobile manufacturers would ever manufacture only AFVs without government mandates.  In our future studies, we will allow the government agent to be endogenous to the model with the goal of maximizing the social good.  In this manner, a mandate could be set by the government to drive the diffusion of AFVs. 
Another limitation of our study is that we only looked at three fuel types – gas, hybrid and electric.  This cannot be rectified in the short term as the data for other fuel types are not available through AVCEM, although this is expected to change in the future.  As data becomes available we can easily change the vehicle design parameters to reflect the new data.
In this model we did not consider the relationship that manufacturers and consumers have with auto dealers.  Although, there are always more complex models that could be developed using an ABM, Occam’s razor is necessary in order to interpret the results.  We take that approach with this initial model and look to add in greater complexity in future models. The insights that even simple ABMs can provide for understanding the mechanisms that drive co-dependent agents cannot be overlooked.
Despite the limitations in our study, we do not believe these issues distract from the results obtained.  With this agent-based model, our goal was to understand the impact of different mechanisms on the diffusion of an eco-innovation.  The model allows us to study the underlying causalities that provide insights on how implementing a specific mechanism may assist in speeding the diffusion of an innovation.  Future refinements of the model will only aid greater clarity to understanding diffusion patterns.
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FIGURES AND TABLES
Table 1: Parameter settings for Vehicles
	Variable type
	Variables
	Meaning
	Range or Unit or Value

	Vehicle parameters
	B
	Body type
	


	
	M
	Fuel type
	


	
	

	
Engine power

 Motor power

Battery capacity
	[100, 500] horsepower
[50, 250] horsepower
[10, 90] kW-h

	
	

	Aluminum share
	[5, 17] %

	
	

	Fuel Economy
	mpg/mpc

	Cost and price parameters
	

	 Markup
	[10,150] %

	
	

	Manufacturing cost
	$

	
	

	Vehicle cost
	$

	
	

	Price
	$

	
	

	Investment cost per vehicle
	$1000/agent

	Other parameters
	

	CAFE standard
	27.5mpg

	
	

	CAFE penalty rate
	$55/vehicle/mpg




Table 2: Pseudo code of Simulated Annealing (based on Lahtinen et al., 1996)
	
	



1 Initialize: ; ; ; .
2 Iterate:

 


 with Probability 

IF (Random(0,1) 
THEN

  //accept

IF 

Then   //replace the optimization

ELSE   //reject


; ;

 3 Return .

	

	Configuration space

	

	Optimization resolution

	

	Objective function

	

	Cooling schedule function

	
 

	



 
[image: t=0 view] [image: t=1 view]	 [image: t=50 view]
Iteration=0 				Iteration=10 			Iteration=20
Model at Initialization (iteration =0), Optimizing (iteration=10) and Equilibrium (iteration =20)
[bookmark: _Ref227153593][bookmark: _Ref227154858]

Table 3: Attributes and Levels for Choice-Based Analysis
	Car Type
	Price
	Highway Fuel Economy

	· Coupe
· Sedan
· SUV
· Hatchback
	· Below $20,000
· $20,001-30,000
· $30,001-40,000
· Above $40,001
	· Below 19 mpg
· 20-29 mpg
· 30-39 mpg
· Above 40 mpg


	Fuel type
	Miles Between Charges
	

	· Gasoline
· Diesel
· Electric
· Hybrid Gas Electric
· Plug-in Gas Electric
	· Below 50 miles/charge
· 51-100 miles/charge
· 101-150 miles/charge
· Above 151 miles/charge
	






Table 4: Estimated Partworths from Hierarchical Bayes MNL Model Used in ABM

	
	Partworth1 (mean)
	Variance
of partworth
	WOM adjustment factor

	Sedan
	0.55
	0.85
	0.006

	SUV
	0.05
	4.57
	-0.005

	Gasoline
	1.34
	2.47
	-0.020

	Gas-Electric Hybrid
	0.52
	0.87
	-0.001

	Plug-in Hybrid Electric
	-1.04
	3.16
	-0.006

	Electric
	-2.20
	3.39
	0.005

	Below 19 mpg
	-3.18
	2.26
	0.003

	20-29 mpg
	0.23
	0.13
	0.000

	30-39 mpg
	1.33
	0.48
	-0.005

	Above 40 mpg
	1.62
	0.99
	0.003

	Below 50 miles per charge
	-1.43
	0.99
	0.000

	51-100 miles per charge
	-0.13
	0.17
	-0.010

	101-150 miles per charge
	0.46
	0.24
	-0.003

	Above 151 miles per charge
	1.11
	0.53
	0.013

	Below $20 000
	1.28
	3.39
	0.003

	$20 001-$30 000
	1.27
	1.08
	-0.005

	$30 001-$40 000
	-0.15
	0.65
	-0.001

	$40 001 and above
	-2.40
	4.40
	0.003

	None-option
	4.03
	5.31
	-0.002


1. [bookmark: _Ref227154276][bookmark: _Ref227154579]partworths include ‘knowledge’ as a covariate
Table 5: Results from Base Case and Experiment
	Base Case

	Fuel /Body
	Gasoline Sedan
	Gasoline SUV
	Hybrid Sedan
	Hybrid SUV
	EV    Sedan
	EV1      SUV

	MPG Mode
	26.14
	22.94
	36.14
	No demand
	No demand
	108.13

	Average Price
	$24,400
	$34,800
	$26,300
	
	
	$133,500



	Experiment 1: Technology Push - Only AFV

	Fuel /Body
	Gasoline  Sedan
	Gasoline SUV
	Hybrid Sedan
	Hybrid  SUV
	EV      Sedan
	EV        SUV

	MPG Mode
	No demand
	No demand
	36.14
	25.94
	117.17
	105.21

	Average Price
	
	
	$26,900
	$35,200
	$127,000
	$112,000



	Experiment 2: Market Pull - WOM

	Fuel /Body
	Gasoline
Sedan
	Gasoline
SUV
	Hybrid
Sedan
	Hybrid
SUV
	EV
Sedan
	EV1
SUV

	MPG Mode
	26.14
	23.35
	36.14
	No demand
	117.17
	111.16

	Average Price
	$24,300
	$34,600
	$28,700
	
	$127,000
	$73,600




	Experiment 3: Regulatory Push - CAFE

	Fuel /Body
	Gasoline
Sedan
	Gasoline
SUV
	Hybrid
Sedan
	Hybrid
SUV
	EV
Sedan
	EV1
SUV

	MPG Mode
	26.14
	24.42
	36.14
	25.94
	No demand
	55.21

	Average Price
	$24,700
	$35,600
	$27,800
	$35,000
	
	$81,000


1. only appeared once out of five separate runs

Figure 1. Determinants of Eco-Innovations 
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(source: Rennings, 2000)

Figure 2. Simplified Flow Chart of Agent-based Model
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Figure 3. Experiment Results showing Market Share
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