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Abstract
This study aimed at exploring in what way consumer purchase decisions are being influenced by online herding and eWOM effects. These effects occur when consumers, in an online environment, are confronted with the articulation of preceding customers’ or expert experiences. Factors responsible for online herding effects are sales volume communication or number of consumer reviews. EWOM factors incorporated in this study are consumer and expert review valence. A multinomial discrete choice experiment with 12 choice tasks of four alternatives was performed among a sample (N=242) of internet users. The attribute utility levels were estimated by a Multinomial Logit Model (MNL). The results showed that all incorporated factors significantly influenced the simulated purchase decisions. Whereas the eWOM factors and especially consumer review valence where the most effective factors to both positively or negatively influence the expected value of a good. Negative consumer review valence showed to diminish the herding effect, indicating a bad product or service experience. The overall effect of herding and eWOM factors were stronger for search goods. Product familiarity showed to have no significant impact. These results are explained by the reasoning that the valuing of experience goods is relative subjective and based on personal beliefs, therefore the interpretation of these reviews are nuanced by consumers. Under the assumption that the construct for familiarity was valid as a proxy for product knowledge, product familiarity did not show a moderating effect since the factors included did not contain product (attribute) information. Consequently these factors can be considered as a general class of product information that require no prior product knowledge to value it.     
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Imitation is natural to man from childhood, one of his advantages over the lower animals being this, that he is the most imitative creature in the world.
· Aristotle 
Greek philosopher (384 BC – 322 BC)

When people are free to do as they please, they usually imitate each other. 

·  Eric Hoffer 

American Social writer / philosopher (July 25th 1902 – 1983)

Anecdotal evidence on the value of online Word-of-Mouth:  Kryptonite’s Blogstorm
On Sept. 12 2004 someone with the moniker "unaesthetic" posted in a group discussion site for bicycle enthusiasts a strange thing he or she had noticed: that the ubiquitous, U-shaped Kryptonite lock could be easily picked with a Bic ballpoint pen. Two days later a number of blogs, including the consumer electronics site Engadget, posted a video demonstrating the trick. "We're switching to something else ASAP," wrote Engadget editor Peter Rojas. On Sept. 16, Kryptonite issued a brand statement saying the locks remained a "deterrent to theft" and promising that a new line would be "tougher." That wasn't enough. ("Trivial empty answer," wrote someone in the Engadget comments section.) Every day new bloggers began writing about the issue and talking about their experiences, and hundreds of thousands were reading about it. Prompted by the blogs, the New York Times and the Associated Press on Sept. 17 published stories about the problem--articles that set off a new chain of blogging. On Sept. 19, estimates Technorati, about 1.8 million people saw postings about Kryptonite.
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Finally, on Sept. 22, Kryptonite announced it would exchange any affected lock free. The company now expects to send out over 100,000 new locks. "It's been--I don't necessarily want to use the word 'devastating'--but it's been serious from a business perspective," says marketing director Karen Rizzo. Kryptonite's parent, Ingersoll-Rand, said it expects the fiasco to cost $10 million, a big chunk of Kryptonite's estimated $25 million in revenues. Ten days, $10 million. 

· David Kirkpatrick, January 2005, US Edition Fortune.
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1 
Introduction

Herding behavior in marketing literature is described as purchase decisions being influenced by signals of others that purchased a certain good previously. Best-seller lists publications for example create herding effects that influences book purchase decisions to converge to popular books (Bonabeau, 2004). Herding behavior is based on a signal of quality that arises when preceding consumers make their purchase decisions. However this signal has nothing to do with a signal on the usage experience of the good. 

Word of mouth (WOM) is known as consumers communicating with each other one on one, exchanging particular brand, product or company experiences. Traditional WOM is a consumer-to-consumer channel, whereas the communicator is thought to be independent of the marketer (Arndt, 1967). As a result, it is perceived as a more reliable, credible, and trustworthy source of information (Cox, 1963; Schiffman & Kanuk, 2000). As shown in the Kryptonite’s blogstorm story, word of mouth in an online environment (eWOM) can have unprecedented scalability and speed of diffusion (Dellarocas, Awad, & Zhang, 2005). On the other hand eWOM can be very persistent. Whereas the traditional WOM message is vanished in the air when it is outspoken. Up until now the story is available on numerous weblogs. The movie illustrating the Kryptonite lock easily being picked with a Bic ballpoint pen, still can be seen on YouTube. 

The internet is emerging as an online economy and virtual marketplace. Many online retailers and product comparison websites use communication on sales rankings and product reviews by experts or consumers as a valuable tool to reduce perceived risk and increase trust (Dellarocas, Awad, & Zhang, 2007).
Although the Kryponite example is extraordinary in different ways, it shows the emerging need of quantifying the effect of online herding and eWOM on consumer behavior. Nevertheless little is known to what extend consumers use online information of preceding consumers, and how they are influenced by it during their purchase decisions. 

1.1 Managerial Background

The role of websites and the internet has changed dramatically since its introduction. In the early days websites were created mainly to communicate in a one-way direction towards their visitors. Companies used the internet and their website as brochureware, some businesses even managed to develop an online sales channel. However due to technological developments individuals can make their thoughts and opinions easily available to a global community of Internet users (Dellarocas, 2003). This transformation of the web towards user generated content is also known as Web 2.0. According to eMarketer there were nearly 116 million US user-generated content consumers in 2008, along with 82.5 million content creators (eMarketer, 2009). Recently the Global Web Index showed that in 2009, 85 % of the global internet users have “searched last month” for information about specific products and 49 % for “product recommendations” (Trendstream, 2009). Another worldwide study shows that in 2008 61 % of the internet users rely on user reviews for product information or research before a buying decision is made (Razorfish, 2008). 
These figures show a global trend of consumers who depend their purchase decision less on marketer-initiated information, and more on information of preceding customers that articulated their experience online. A Nielsen survey of internet users in 47 markets also showed that recommendations from consumers (78%) and consumer opinions posted online (61%) are the most trusted forms of advertising (Nielsen, 2007). 

In general the internet gave consumers a platform to exchange experiences on different goods and companies with each other, and this platform is becoming a better and credible alternative for marketer-initiated information. Therefore it is important to gain more knowledge to what extend consumers are being influenced by this relative new type of product-information communication.

A typical type of user generated content is electronic word of mouth (eWOM): word of mouth (WOM) in an online environment. Traditional user generated content on consumption experiences are reviews on either corporate e-commerce websites or online communities. However recent development made it easy for consumers to respond in less structured and more creative ways making use of video sharing websites (YouTube) , personal weblogs and online social networks (Facebook, LinkedIn, Hyves). The latter development is probably the most emerging, however is less structured and will not be main focus of this thesis. 

1.2 Relevant Research

Recently influences of purchase decisions in online shopping environment have caught the eye of a stream of academics that do research on the effects of eWOM. Generally these studies show significant evidence that online product reviews influence consumers’ purchase decisions. 

Consumers exposed to online consumer generated information tend to be more interested in a product category instead of being exposed to marketer-generated information (Bickart & Schindler, 2001). And when evaluating a retailer, their purchase intention is influenced by eWOM of other consumers, except if they are already familiar with that particular retailer (Chatterjee, 2001).

With respect to purchase decision influences on the trade-off between different goods, which is also the scope of this study, different factors are identified. Information on download counts, sales volume and the volume of reviews of preceding customers seem to influence consumers as shown in factorial experiments (Hanson & Putler, 1996; Harris & Gupta, 2008; Huang & Chen, 2006). This effect is known as online herding behavior. By exploring the value of review value, Dellarocas et al. found early volume of online reviews to be an accurate predictor in future box-office success for movies (Dellarocas et al., 2007).
Drivers that influence the effect of online product reviews are also identified in different studies. Average star rank or product rating as a indicator of product experience valence (Chevalier & Mayzlin, 2006; Huang & Chen, 2006; Sen & Lerman, 2007), review quality (Park & Kim, 2008) and type of reviewer (product expert, consumer, or recommender system) (Chevalier & Mayzlin, 2006) all contribute to the consumers’ attitude towards products and therefore influence online purchase decisions.

Other studies show that the extend to which these factors influence purchase decisions differ between type of products (search vs. experience goods by (Bei, Chen, & Widdows, 2004; Senecal & Nantel, 2004)), attitude towards the product (high involvement vs. low involvement by (Harris & Gupta, 2008; Park, Lee, & Han, 2007; Park & Kim, 2008)), prior product class expertise (Park & Kim, 2008) and type of consumption (hedonic vs. utilitarian purposes by (Smith, Menon, & Sivakumar, 2005)).

Most of these studies were factorial experiments identifying the separate influence of each of these factors on purchase decisions in online environments. Therefore the main contribution of this study will be on the interaction between different factors, the relation between online herding behavior and eWOM, and its relative effect in trade-off experiments with respect to stimuli in the factor price. Therefore we set up a multi-attribute trade-off experiment and performed a choice-based conjoint analysis.     
1.3 Research Questions

As shown in the relevant research section some extensive academic work has been done on purchase decision influences of herding and eWOM in an online shopping environment. The goal of this study is to gain more insights on the different drivers of online herding and eWOM influences, especially with regard to the way these two types of effects interact with each other. Therefore the following research (sub-) questions are defined: 

	To what extend do herding and eWOM effects, or the interaction of both, influence purchase decisions in an online environment?


Sub questions:

1. What is the relative effect of online herding effects such as a) sales rankings and b) number of consumer product reviews on product trade-offs?

2. What is the relative effect of eWOM effects such as a) expert product review and b) consumer product review valence on product trade-offs?

3. To what extend do these two types of effects interact with each other in the way they influence online purchase decisions?

4. To what extend does the relative effect of all factors differ between search and experience goods?
5. To what extend does the relative effect of all factors differ between consumers with different levels of product class familiarity?

2 Theoretical Background and Hypotheses

This chapter contains an enumeration on relevant theory on herding behavior and WOM, especially in an online environment. Based on this literature review different hypotheses and a conceptual model are postulated in order to answer the research questions.

2.1 Herding Behavior

“When people are free to do as they please, they usually imitate each other” (Hoffer, 1955). The tendency of everyone is doing what everyone else is doing, results in herding behavior (Banerjee, 1992). Herding behavior in a consumer environment can be best described as purchase decisions by a group of people influenced by what others purchased previously. Regardless of individual signals that suggest a different decisions. 
Harvey Leibenstein was the first to introduce the bandwagon metaphor in economics as to describe the effect of herding behavior. The bandwagon refers to a presidential election being influenced by the tendency of voters to align them with the largest and most successful campaign. The metaphor literally refers to a wagon which was used to gain attention for campaign appearances. The bandwagon effect was defined as “the extent to which demand for a commodity is increased due to the fact that others are also consuming the same commodity” (Leibenstein, 1950).

From this point of view people who interact with each other regularly, tend to have a similar way of thinking and behaviors (Shiller, 1995). When this idea is combined with the principle of Homophily
, herding behavior within social groups can be a self inflicting effect. Eventually leading to a convergence in behavior and preferences within the social group. 
2.1.1 Informational Cascade: A restaurant example

In his extensive work on herd behavior, Banerjee presents a restaurant example to illustrate the occurrence and effects of this phenomenon (Banerjee, 1992). In this approach, the psychology underlying herd behavior is: the number of others consuming is evidence that the others had access to better information. In these sequential situations, when consumers are confronted with imperfect information, they are more willing to conform. The result is a so called informational cascade, which occurs when it is optimal for an individual, having observed the actions of those ahead of him, to follow the behavior of the preceding individual without regard to his own information (Rook, 2006).

The example describes the case of a group of consumers that sequential are facing the decision to choose between two Restaurants A and B. Both restaurants are next to each other. The prior probability for restaurant A being better is 51 %. Apart from knowing the prior probability, the consumers got a signal that either A or B is better (the signal might be correct). Suppose that 100 consumers all receive a signal of the same quality, 95 receive a signal that B is better, and consequently 5 receive a signal that favors A. The first consumer receives a signal that favors restaurant A. Based on this situation, the first consumer clearly goes to A. The second consumer now knows that the first consumer had a signal that favored A, while its own signal favors B. Therefore both signal cancel out, the second consumer also goes to restaurant A, a rational choice based on prior probabilities. Remarkable the second consumer, chooses a different restaurant than its own signal. In the end everyone ends up at restaurant A even if, given the aggregate information, it is practically certain that B is better. The second consumer’s decision to ignore its own signal, made the whole population to herd into a sub-optimal equilibrium. This negative externality is what Bannerjee calls herd externality.  

If the first consumer was one of the 95 with a signal in favor of restaurant B, the herd would have gone to the other restaurant. Consequently the appearance, direction and the size of the herd externality is path dependent. 

2.1.2 Interpersonal communications: Conversation approach

Critics on Bannerjee’s Herding Model, based on informational cascade, say this model is too limited to explain herding behavior, since it is unlikely that restaurants succeed or fail for reasons represented in his model. There are simply too many “first movers” who try the restaurant without being able to observe others, or trusting that the others’ decisions are relevant to their own. Therefore, it is argued that the informational cascade appears to be very important, however the first-mover aspect seems not be widely applicable.

One of the critics, Shiller, describes another approach on the origin of herd externality: the conversation approach (Shiller, 1995). Aristotle tells us that one of man’s advantages over the lower animals is that he is the most imitative creatures in the world. 

This evolutionary advantage, combined with the ability of speech and interpersonal communication, made human society to act as a unit, to respond collective to information. This resulted in a collective memory of important facts, common assumptions, and conventions. These common assumptions and convention are also limiting individuals to make optimal decisions and cause herd externalities in social groups.

Social group not only develop their own assumptions, but share a limited set of topics for their conversations. A rule of polite conversation is respect for this common consensus on the topic of conversation. Topics that might exclude members of the group, or reveal their inadequacies, are considered as inappropriate. 

This might explain differences in mass behavior across social groups. Since group members knowing the beliefs and attitudes of the people in their group, people freely bring up information only if it is a suitable conversation topic. Therefore social group differ in their information transmission on any single topic, and have a set of herd externalities of their own (Shiller, 1995).
2.2 Online herding behavior

In a world facing the emergence of an online economy, the internet evolved in a virtual marketplace connecting consumers with numerous products and suppliers, without shelf space or distance limitations. Consequently it is important to understand the potential of on-line herding behavior in exerting an influence on consumer purchase. Since consumers tend to delay purchases not only because of the complexity of the choices but also due to uncertainty regarding the set of options. 

Consumers make decisions based on existing online information. However, when facing plentiful information, people often imitate others rather than making decisions based on existing conditions (Bonabeau, 2004). 

2.2.1 Influence on different herding approaches

Remarkably the influence of the internet supports the first-mover informational cascade approach, and seems to limit the effect of the conversation approach. The conversation approach assumes that different social groups have different information transmission, and therefore have different herd externalities. However the internet enables people to get in contact with different social groups all over the world. Not only as a spectator of their conversations, but also being able to participate in it. And on the other hand, member of various social groups come together to read and react on various topics via message boards, consumer review websites and internet forums to share their experiences (Hennig-Thurau, Gwinner, Walsh, & Gremler, 2004).

Due to the characteristics of eWOM (unprecedented scalable, diffusion speed, persistent and measurable) product experiences, reviews and the volume of preceding consumers from all over the world become accessible. Consequently the internet enables consumers to cue products based upon this information. When translating this effect to the Bannerjee restaurant example, the internet enables consumers to observe not only the signals of preceding consumers that are in the restaurant right now, but also the signals of preceding consumers that already left the restaurant. The outcome of this cue is also path dependent, since the first customers’ tendency to articulate, and in what way they do it, will determine whether the restaurant will be on top of the lists. 

This effect is demonstrated in previous studies on digital auctions (Dholakia, Basuroy, & Soltysinski, 2002; Stafford, Kilburn, & Stern, 2006) and software download websites (Hanson & Putler, 1996), where number of participants, bid numbers and download counts showed to be a indicating quality to consumers. In an online shopping environment communication on the number of consumer reviews and a sales rank position are signals that preceding customers had access to better information prior to the shopping decision, therefore influencing current customer decisions. Even though signals of their own suggest another decision. This herding effect is shown in previous studies in experimental online shopping environments (Harris & Gupta, 2008; Huang & Chen, 2006) and a real life dataset on online book sales (Chevalier & Mayzlin, 2006).

H1 : Prior to the purchase decision a) the number of consumer reviews and b) a high sales rank position positively affects the expected value of a good. 

The herding effect is based on the assumptions on the value of better quality signals of preceding customers prior to the shopping decision; however the average consumer valence signals the quality of product experience. Therefore product review ratings is a feedback mechanism to confirm whether the quality signals prior to the shopping decision were valid. In the restaurant example, when consumers were able to get informed about the experience of prior customers, signals on bad experiences would diminish the herding effect.
H2 : Negative or low consumer review valence diminishes the herding effect (H1), signaling a bad product experience.

2.3 Word of mouth (WOM)

One of the first studies on WOM date from 1954, when Whyte (Whyte Jr, 1954) investigated the diffusion of air conditioners in a Philadelphia suburb. He concluded, on the basis of anecdotal evidence, that the pattern of ownership could be explained only by the presence of a vast and powerful network consisting of neighbors exchanging product information in context such as “over the clothesline” and “across backyard fences”. The first formal statistical based evidence on the importance of WOM was brought by Katz & Lazarsfeld (Katz & Lazarsfeld, 1955). They found that WOM was the most important source of influence in the purchase of household goods and food products. It was seven times as effective as newspapers and magazines, four times as effective as personal selling, and twice as effective as radio advertising in influencing consumers to switch brands.

Authors used various definitions to describe WOM communication, however most of them covered similar characteristics (Arndt, 1967; Stern, 1994):

· communication between consumers

· one on one, or person-to-person

· verbal or oral communication

· non-commercial, or consumer-initiated

· regarding experience with specific brand, product, service or providers

· bidirectional exchange of information

· vanishes as soon as it is uttered

Another important characteristic of WOM is that it is perceived to be more reliable, credible, and trustworthy by consumers compared to firm-initiated communications (Arndt, 1967; Schiffman & Kanuk, 2000). This is primarily due to the fact that WOM takes place within your own network. Whether it are weak or strong ties, people you know from within your network are trusted more, because their intentions can be interpreted better. In that way it can be determined that the source (sender) of the information generally has nothing to gain from the receiver's subsequent actions (Schiffman & Kanuk, 2000). Therefore consumers frequently rely on informal and/or personal communication sources as opposed to more formal and/or commercial sources in making purchasing decisions (Bansal & Voyer, 2000). As a result of this, popular literature states that WOM communication is a powerful force in the marketplace. It is highly persuasive and extremely effective, because of its high level of credibility compared to commercial sources (Bristor, 1989). 

2.3.1 WOM communication flow 

A study published in 1944 focused on the process of decision-making during a Presidential election campaign inspired Katz & Lazarfeld to develop the two-step flow of communication theory. The results of the study implied that in contrast to what the authors expected, only some 5 % of people changed their voting behavior as a result of media messages. Exposure to mass communication turned out to be a relative poor predictor of their voting behavior, compared to interpersonal communication. 

The two-step flow of communication theory divides society in two different groups: opinion leaders and opinion seekers (the masses). Opinion leaders are assumed to mediate between the mass media and opinion seekers. As figure 1 show, the theory indicates that opinion leaders are the direct receivers of information from advertisements and that they interpret and transmit the information to others through WOM (Katz & Lazarsfeld, 1955). 
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Figure 1: Two-step flow of communication (source: (Engle, Blackwell et al. 1978)
Soon this model was criticized for its unrealistic assumption of one way communication, and only opinion leaders being influenced by mass media.  Therefore it was revised by with the more comprehensive multistep flow of communication theory (Engle, Blackwell, & Miniard, 1978; Schiffman & Kanuk, 2000). 
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Figure 2: Multi-step flow of communication (source: (Engle, Blackwell et al. 1978)
This theory recognizes that mass media can reach anyone in a population and influence them directly. As figure 2 shows that both opinion leaders, opinion seekers and gatekeepers are directly influenced by mass media. Opinion leaders influence opinion seekers with bi-directional communication and therefore are distinctive from mass media communication. The gatekeepers are actors, who neither influence nor are influenced by others, that decide whether other group members should receive information or not (Engle et al., 1978). For example, parents can act as gatekeepers for their children by restricting the television programs they are allowed to see.

2.3.2 Opinion leaders and Opinion seekers

WOM implies a connection between the opinion leader and opinion seeker. This type of communication is processed in such a way that one person (the opinion leader) informally influences the actions or attitudes of others, who may be opinion seekers or merely opinion recipients (Schiffman & Kanuk, 2000). Individuals who actively seek information and advice about products are called opinion seekers (Schiffman & Kanuk, 2000). These are the demanding actors in the process of WOM. Opinion leaders are key to the diffusion of information (Lazarsfeld, Berelson, & Gaudet, 1948; Rogers, 1962). These actors are information brokers between mass media sources and the opinion receivers (Schiffman & Kanuk, 2000). Some authors suggest that opinion leadership emerge when a consumer is more knowledgeable and involved with the product class. Therefore, opinion leadership is viewed as being product class specific, implying that there is no general (i.e. multiple category) opinion leader. Feick & Price establish the existence of a unique class of opinion leaders, the so called market mavens (Feick & Price, 1987). These individuals have information about many kinds of products, places to shop, and other facets of markets, and initiate discussions with consumers and respond to requests from consumers for market information. They differ from the opinion leader in a way that their expertise is not product specific.

2.3.3 Motives for opinion seeking

WOM has an important role in the hybrid decision process or recommendation-based heuristics in which the decision maker obtains recommendations (opinion seeking) for the purpose of reducing the uncertainty and amount of information that must be processed to make a decision (Olshavsky & Granbois, 2001). When perceived risks are higher, consumers will try to collect and evaluate more information (Hoyer & MacInnis, 2004). 
Opinion receivers satisfy a variety of needs by engaging in product-related conversations (Schiffman & Kanuk, 2000):

· Obtain new-product or new-usage information

· Reduce perceived risk by obtaining firsthand knowledge from a user

· Reduce the search time entailed in the identification of a needed product or service

· Receive approval of the opinion leader

Early on during the information search process, a consumer can receive product information that is incongruent with other information in the environment or his existing cognitive schema. This will motivate him to interpret, simplify, and restructure the meanings and implications of the ambiguous situation by engaging in verbal exchange with another consumer (Arndt, 1967). As the consumer moves closer to purchase, he might feel the need for support, justification, and legitimization, hence a conversation with another consumer will help meet those needs (Gatignon & Robertson, 1985a). Finally a consumer can use WOM communication to relieve itself of decision anxiety what typically separates intention from adoption (Gatignon & Robertson, 1985b). 

Two conditions are identified that will determine whether a consumer will use a peer as a WOM resource (Dichter, 1966):

· The perception that the source is unbiased (only cares for well-being op recipient)

· The perception that the source is credible (due to experience and knowledge)

Whereas the first condition usually is met by people of goodwill that are close to the consumer. People that meet the second condition are connoisseurs, sales personnel, professional experts and celebrities (Dichter, 1966). 

WOM communication can not only be demanded during the evaluation stage of a purchase decision, but also when the need for a product is only latent. These conversations, for example, are initiated by a net WOM recipient upon exposure to an intriguing advertising message or sales call (Bayus, 1985; Dichter, 1966; Mangold, Miller, & Brockway, 1999). 

Dichter (1966) introduced the ‘aha’ experience. This occurs through a word-of-mouth exchange when the consumer comprehends the problem or the solution and why that solution is the right one because of the dialogue. Two-way communication seems to be more effective since it enables to match a consumer need to a certain solution. The recommender is able to establish this ‘aha’ experience by making use of four factors: expressive movements, understanding of needs, tangible evidence, secrecy of hesitation. 

2.4 Electronic Word of Mouth (eWOM) 

Unlike traditional information sources, such as TV, newspaper and magazines, the Internet provides consumers with more interactive communications, which is its unique characteristic as a medium (Porter, 2001). With the widespread use of the Internet, consumers’ options for expressing their product experiences to the world were extended. On the other hand it also enabled consumers to obtain credible product information from others. There are numerous ways for consumers to communicate their product experiences online, varying from online community participations to weblog publications, newsgroup posting and writing reviews on websites. 
Although this study is focused on reviews on comparison websites, all different forms of eWOM share the same characteristics as described by (Dellarocas et al., 2007):

· Unprecedented scalable and unique speed of diffusion. The internet enables opinions of a single individual to instantly reach a potential of thousands, or even millions of consumers. Therefore a well placed product review can reach a large audience within a few days. 

· Persistence and Measurability. Traditional WOM disappears into thin air whenever it is exposed. The communication of eWOM will be publicly available data for an indefinite period of time probably even longer than the product’s life cycle. 

These different characteristics require a definition different from WOM communication:

Communication categorized as eWOM is any positive or negative statement made by (presumed) potential, actual or former customers about a product or company, which is made available to a multitude of people and institutions via the Internet (Hennig-Thurau et al., 2004).

By making use of eWOM consumers are able to obtain information related to goods and services not only from friends, acquaintances, and colleagues, but also from a myriad of other people, otherwise unknown to them, who have had an experience with the relevant products (Hennig-Thurau et al., 2004). Although some offline sources of product comparison information (e.g., Consumer Reports) are popular, similar information and reviews of retailers are practically unavailable or costly (Chatterjee, 2001).

2.4.1 Important differences between WOM and eWOM

The underlying reason that causes the different eWOM characteristics by (Dellarocas, 2003) to happen is the network structure implied by eWOM. As illustrated in figure 3.
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Figure 3: Illustration of difference in network structure (J. J. Brown, Broderick, & Lee, 2007)
Offline WOM communication flows through network ties whether they are strong or weak. If information flows only through network ties, in order to reach the complete network the WOM information has to flow through multiple steps in the network (J. J. Brown, 1987). The second limitation is the opinion leader versus opinion seeker relationship, which causes this flow to move in one direction. In the case an actor in the network decide not to use the product or service, the information becomes second-hand, and less credible. Therefore traditional WOM communication flows with limited speed through a network. 

Online WOM communication therefore allows for more flexibility in the traditional role of opinion seeking and opinion leadership. The internet not only provides opinion leaders with efficient ways to disseminate information, but also greatly facilitates information searching for opinion seekers (Sun, Youn, Wu, & Kuntaraporn, 2006). The eWOM network structure enables consumer to easily switch roles, and blurs the opinion seeking and leadership relation.  

The use of eWOM implies a social structure where the eWOM market place is situated as a hub. This hub functions as a semi-structured online collection of articulations on product or service experiences. As long as consumers know where to reach this information, it will be directly available for them in case they are actively seeking for it. The benefit of this structure is that it is not necessary an opinion seeker needs to have a network tie and a conversation with the opinion leader. (Phelps, Lewis, Mobilio, Perry, & Raman, 2005) even claimed that eWOM is more influential due to its speed, convenience, one-to-many reach, and its absence of face-to-face human pressure.
In the traditional WOM model opinion seekers turn to opinion leaders whom they know they are unbiased, credible and knowledgeable. The downside of eWOM is that these opinion leadership properties can’t possibly be guaranteed. This is due to the lack of trust and credibility caused by the anonymity of the Internet. The non-commercial focus in an online product review may not be certain (Chatterjee, 2001). Commercial parties can pay website owners to remove negative reviews, create incentives for satisfied customers to write reviews, or even write fake reviews. 
2.4.2 Motives for opinion seeking in an online environment

The motives for eWOM opinion seeking are similar to the offline environment. However the Internet extends the motives for eWOM. In an online environment trust and decision making differs from an offline environment. With e-commerce shopping consumers may feel uneasy about their inability to physically handle online merchandise, a different level of customer service, or the fact they have to disclose private information (Van den Poel & Leunis, 1999). Another characteristic of the online environment is the abundance of choice alternatives and product information that become available to consumers. This might well be overwhelming for those online shoppers with a limited cognitive capacity to process the abundant information (Häubl & Murray, 2003). Multiple studies indicate that consumers dealing with choice difficulty, making sub optimal decisions, or feeling unhappy, in both traditional as online shopping environments, when confronted with too many choices (Smith et al., 2005). In order to cope with these difficulties online consumers are known to actively search for information cues such as decision aids and comparison agents that might assist them in the preservation of their cognitive resources (Smith et al., 2005). Making use of eWOM peer recommendations is one such information cue that will significantly influence consumer search process and choice decision (Smith et al., 2005). 

The main conclusion according to the previous literature on eWOM is that consumers are sensitive to articulations on experiences of preceding consumers. This effect has previously been shown in experiments on the choice of books and laptops (Harris & Gupta, 2008; Huang & Chen, 2006), and a real-life dataset on online book sales and box office prediction (Chevalier & Mayzlin, 2006; Dellarocas et al., 2007).

H3 : Prior to the purchase decision the average product rating, or consumer review valence is positively related to the expected value of a good. 

In online shopping environments it is common to not only let users or customers review a product, but also to communicate expert reviews on various products. Previous studies show these expert recommendations influence consumers, however not as effective in its influence, since user-generated information is perceived to be more credible and evokes stronger empathy (Huang & Chen, 2006; Senecal & Nantel, 2004).  Therefore we assume that the expert review effect on review value will be diminished, when the crowd (consumer reviewers) speaks against the expert recommendations. The credibility and trustworthiness of firm- or marketer-generated information is less than user-generated information, since with user-generated information the sender generally has nothing to gain from the receiver's subsequent actions (Schiffman & Kanuk, 2000). On the other hand consumers are also influenced more by collective intelligence than by a small group of experts (Huang & Chen, 2006).

H4a : Prior to the purchase decision the expert review valence is positively related to the expected value for a good, however less effective as consumer review valence (H3).
H4b : Consumer review valence (H3) diminishes the effect of expert review valence (H4a), if both signals contradict. 

2.5 Experience vs. Search goods

In consumer research there is taxonomy of two types of goods: search and experience goods (Nelson, 1970). Whereas search goods, are those products that are dominated by product attributes for which full information can be acquired prior to the purchase (e.g. consumer electronics). The intrinsic attributes of search products are easy to access, concrete, and more objective for comparing the quality of the product (Zeithaml, 1988). Experience goods however, are dominated by product attributes for which full information can not be acquired prior to the purchase. Full information will not be known until purchase and usage of the product (e.g. hotels and restaurants). In contrast to search goods, consumers rely on more extrinsic cues to judge the quality of experience products, because of a higher perceived risk (Zeithaml, 1988). The selection information in the search for a hotel booking, for example, is more oriented on experiences. Therefore consumers depend their purchase decision based upon different information sources for different types of goods. In the case of search goods, consumers highly depend on information on product attributes whether or not firm-initiated. With experience goods consumers perceive a higher risk prior to the purchase. They also often lack the knowledge to perceive the value of an experience good, therefore relying more on experiences (Hsieh, Chiu, & Chiang, 2005). This could either be their own, or other preceding consumers’ experiences. An other study also showed that for experience goods respondents relied more on the recommendations of others prior to the purchase decision (Bei et al., 2004).
H5: Herding effects and eWOM effects (H1, H3 & H4) are more effective to affect expected value for experience goods, as for search goods.

2.6 Product class familiarity
Many studies support the view that prior product class knowledge, also known as product familiarity or expertise, affects information search behavior and consequently consumer decisions (Alba & Hutchinson, 1987; Brucks, 1985). Alba et al. propose that product class knowledge has two major components: familiarity and expertise. Whereas familiarity is defined as product-related experiences accumulated by the consumer, and expertise is defined as the ability to perform product-related tasks successfully. In general, increased product familiarity leads to more consumer expertise. They also identified five components of expertise (Alba & Hutchinson, 1987):

· more refined, complete, and veridical cognitive structures; 
· the ability to analyze information, separating the important and relevant from the unimportant and irrelevant; 
· the ability to elaborate and make accurate inferences from limited information; 
· the ability to remember product information; and 
· lower cognitive effort to perform product-related tasks.
Some other studies have postulated that prior product class knowledge encourages information search, since it enables to process new information easily (E. J. Johnson & Russo, 1984; Moorthy, Ratchford, & Talukdar, 1997). Brucks showed that prior product class knowledge is positively related to number of attributes examined (Brucks, 1985). The difference between types of online consumer reviews are shown to have a stronger effect on purchase intentions for consumers with prior product expertise (Park & Kim, 2008). Which is consistent with the view that expertise enables consumers to have a clear preference structure. Based on these prior studies we postulate that herding and eWOM attributes are examined more extensively and included more in cognitive structures by respondents with prior product class knowledge.

H6:  Herding effects and eWOM effects (H1, H3 & H4) are more effective to affect expected value for respondents that are familiar with the product class (as an indicator for prior product knowledge).
2.7 Online sales volume communication and product reviews

As mentioned before eWOM can be expressed in many ways. The focus of this study will be on the effect of online (consumer and expert) product reviews and sales volume communication. An online product review is typically written to either recommend or discourage others from buying the product. Accordingly, reviews offer positive arguments in support of the product or negative opinions against it (Sen & Lerman, 2007). These contributions on opinion platforms usually include both a textual articulation of a consumer’s experience with a product and a formalized rating of the product. These formalized ratings differ from one overall rating, to multiple ratings on different aspects of the product or service experience. This enables other consumers to estimate the expected value of a certain product based both on quantitative (average) information, as well as more qualitative descriptive information. Litvin et al. developed a typology for eWOM communication. Different channels are categorized based on communication scope and level of interactivity. In the typology of eWOM channels it is defined as asynchronous one-to-many type of communication (Litvin, Goldsmith, & Pan, 2008). 
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Figure 4: Typology for eWOM communication (Litvin, Goldsmith et al. 2008) (adapted)

Consumers that produce product reviews seem to have a dual role in providing information (Park & Kim, 2008). Not only do they serve as recommender, but they also has a role as informant for providing product information. This product information has the potential to be different from seller product information, since sellers tend to hide weaknesses and emphasize the strong characteristics. (Huang & Chen, 2006) concluded that online customer product reviews are mainly informational social influences. This is based on the two types of social influence identified (Deutsch & Gerard, 1955) – whereas normative influences are to conform to expectations of others, and informational is the tendency to accept information received from others as an indicator of reality. When reading an online product reviews, consumers have informational motives and often there’s no need to conform. This might be different in an online community environment, where there is a need to be part of the community. 
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Figure 5: Example of an online review on Amazon.com

As shown in the online review example above online reviews can contain different features that signal readers to better estimate perceived value of the reviews. This review value is based upon quantity, quality and authority. Based on the review value, the perceived value of the product can be estimated consequently. The quantity of reviews can be deduced by the valence and the volume of the reviews. In this example the valence is described by two features: average customer review and the distribution of the stars. Both these features signal readers how other consumers experienced the product. Review quality and authority will not be the scope of this study. 

Sales volume communication, or in the example above sales rank communication, might also signal readers on the quality of the product from a herding perspective, and therefore influence the review value.  
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Figure 6: An illustration on the sequential process of online herding and eWOM

To illustrate the sequential process of online herding and eWOM, as researched in this study, a simplified scheme in figure 6 is shown. This scheme visualizes a consumer (C) being influenced by its preceding consumers (A & B). Whereas consumer A evaluates different options in a purchase decision based upon available product information and expert reviews. As soon as the purchase decision has been made, unnoticed, consumer A contributes to the herding effect, because of the sales ranking update. Notice that this effect arises after the purchase decision, however before the actual product experience. Subsequent to the product experience the consumer has the opportunity to review this. As illustrated consumer A chooses to do this. As a result consumer A contributes to both the herding (# of reviews) and eWOM effect (Valence of review). Consumer B eventually chooses not to write a review, and therefore only contributes to the herding effect by the sales ranking update. 

Finally when consumer C is facing its pre-purchase evaluation, the actions of preceding consumers A & B have left their mark and consequently presumably influence the purchase decision.
2.8 Conceptual model

Based on the preceding review of the literature, this study postulates that communication on sales volume and product experiences in an online shopping environment create herding value and review value. These herding and review values contribute to the expected value prior to product decision and therefore influence the purchase decision process. Herding and review value is defined as the difference in expected valued prior to a purchase decision based on four cues: a) the number of consumer reviews, b) sales rankings, c) customer review valence and d) expert review valence. Whereas factor a) and b) contribute to herding value and factor c) and d) contribute to review value.
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Figure 7: Conceptual model of this study
3 Methodology
In order to test the postulated hypotheses on the effect of online herding and eWOM we will perform a multi-attribute trade-off experiment, where all product attributes are held constant. Respondents will trade off between various (experience or search goods) alternatives that vary in price, sales ranking and different review attributes.

For this study a choice based conjoint analysis experiment is designed. Conjoint analysis is a popular marketing research technique (Green & Srinivasan, 1990). It is used to study the attributes that influence consumers’ purchasing decisions, in order to gain more insights in consumers’ product preferences by simulating consumer choices.  

3.1 Conjoint analysis

Traditional conjoint analysis methods often use judgmental ratings or rankings in surveys to elicit respondents' "stated preferences" for hypothetical products. Individual-level part-worth utilities for product attributes are estimated using standard linear modeling techniques, and product market shares in a given hypothetical market are estimated by simulating each respondent’s choice and then taking averages over the sample (Louviere, 1988).
For all hypothetical product attributes part-worth utility values are estimated varying through the various defined levels. Whereas the highest part-worth utility corresponds with the most preferred level. From this point of view the utility (or worth) of a good a can be linearized as follows: 
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Where:

(ka = the weight of attribute k in the valuation of good a
xk = the level of attribute k

There are primarily three types of conjoint analysis (Orme & King, 2006):

· Conjoint analysis by ranking or rating 

· Adaptive conjoint analysis

· Choice based conjoint analysis

With experiments of the first type of conjoint analysis, respondents are either asked to rank the different goods among each other, or to rate goods on their willingness to pay for it. This method has strong limitation with a larger number of attributes. Not only is it hard to trade-off more than six attributes, but it also causes to increase the number of product evaluations dramatically. Adaptive conjoint analysis (ACA) enabled to perform experiment with a large amount of attributes. ACA accomplished this by having varying sections of the interview that adapted to respondents’ previous answers. In each section, only one or a few attributes were presented at a time, so as not to overwhelm the respondent with too much information at once (Orme & King, 2006). The drawback for this method comes with the fact that it is only able to estimate main effects; therefore it can not be used to study interaction effects. 

The main limitation of these methods is that it is not a realistic simulation of consumer purchase decisions. Consumers do not rank or rate goods, but evaluate available alternatives, and make a purchase decision by choosing one option. Especially in this study hypotheses are tested on the influences of certain attributes on the purchase decision. 

Choice based conjoint analysis challenges this limitation by designed choice experiments where respondents choose the most preferred good from a set of competitive goods. This method is based on two contributions for modeling choice among multiple alternatives: the random utility theory (RUT) and the multinomial logit model (MNL) by Nobel Prize winner McFadden (McFadden, 1973). Louviere & Woodworth integrated these contributions to discrete choice theory in the concept of conjoint analysis to develop a new approach to the design and analysis of controlled consumer choice or resource allocation experiments. Later also known as choice based conjoint analysis (Louviere & Woodworth, 1983). 

Note that discrete choice analysis uses a nonlinear model and aggregate choice data, whereas full-profile conjoint analysis (e.g. CA by ranking and rating) uses a linear model and individual-level rating or ranking data (W. F. Kuhfeld, 2001).

3.2 Choice based conjoint (CBC)

As stated before discrete choice modeling is more realistic and natural for respondents. Additionally it also enables to design and estimate for interaction effects, alternative-specific attributes and constant alternatives. The cost of this flexibility is that it is inefficient in measuring respondents’ preferences, therefore it requires a lot of choice sets and respondents to estimate reliable aggregate model parameters. An important feature in these aggregate choice models, which is first implied by Luce, is the Independence of Irrelevant Alternatives (IIA) property (Luce, 1959). This property means that the utility of good a (Va) will not be influenced by either the presence of absence of other alternatives (Louviere & Woodworth, 1983). This can be best explained by the red bus / blue bus problem. 

Consider commuters that face a decision to choose between to types of transportation: the car or the red bus. The odds of choosing either one of the options are 0.5. Imagine the next day these commuters face a decision to choose between 3 types of transportation: the car, the red bus or the blue bus. Under the assumption that the commuters don’t care about the color of the bus, the odds of taking the care would still be 0.5. However under the assumption of the IIA property the odds for all options will be equally distributed by 0.33 each.

A priori, we assume not to be restricted by the IIA property for this study, since product attributes are held constant for all alternatives. Stimuli only consist of herding and review attributes. Parallel to the commuter example, it is as if we are interested in the effect of color of the bus, by only having different buses as alternatives.    

In this study CBC is used to fit the multinomial logit model (MNL). The MNL assumes that the probability that an individual i will choose one of the m alternatives, ca, from choice set C is
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Via  is the systematic observable component or mean utility value, as equation (1), of  
       choice alternative a and for individual i.


eia  is the random error component associated with choice alternative a and individual i
The random error component is assumed to be independently and identically distributed (iid) with the Extreme Value Type-I distribution (McFadden, 1973).

3.3 Experimental design

For discrete choice modeling the experimental design is a fundamental component. Louviere et al. described conjoint analysis to consist of five phases (Louviere, Hensher, & Swait, 2000):

1. Attribute definition

2. Assignment of levels

3. Scenario creation (linear design)

4. Choice sets (choice design) determination, and obtaining preference data

5. Model parameter estimation

The research design of this study is based on this framework.

3.3.1 Attributes and levels

Based upon our literature review we defined five attributes to test our hypotheses: consumer review valence, expert review valence, number of consumer reviews, sales ranking and price.  Departing from these hypotheses consumer review valence can be considered as the primary attribute of this study. Since it is not only a main effect that contributes to the expected value of a good, it is also perceived to interact with other attributes which we focus on in this study. Especially when interaction effects are desired to be estimable, it is important to limit the number of levels per attribute. The number of analysis cells for interaction terms, is the product of the number of levels for both attributes. The more analysis cells to be estimated, the more respondents or observations are needed for the same reliability of the parameters.

By determining the value of each attribute level, it is important to assign correct design points, since it affects the stability of the parameters estimates (W. F. Kuhfeld, 2001). Therefore it is eligible to assign the value for the lowest level to be as low as possible, however with a realistic value for that particular attribute. And consequently the highest level to be as high as possible with a realistic value.

(Chevalier & Mayzlin, 2006) found a remarkable distribution for online customer review rating for books on amazon.com and barnesandnobles.com. The reviews where overwhelmingly positive for both websites: more than 50 % of all reviews were a five out of five star rating. Note that these were distributions of every single observed customer review. Review valence of this study is the average rating of all reviews per alternative. To gain more insight in the distribution of review valence per product, we explored these distributions for two independent travel review websites: Tripadvisor.com (US), and Zoover.nl (Dutch). 
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Figure 1: Distribution of consumer review valence. Tripadvisor.com: all hotels in New York City and Paris (five-star rating). Zoover.nl: All accommodations for France and Portugal with at least five reviews (1 to 10 rating). Date: 02-02-2010
Based on these distributions we assign 5.5 / 10 and 9.5 / 10 as realistic minimum and maximum level for a 1 to 10 rating system. For expert review valence similar level values are assigned to assure commensurability. The number of consumer reviews are assigned based on the assumption that consumers, are sure to perceive review valence to be reliable indicator with 15 reviews. This is to exclude a possible effect of respondents to value alternatives different because they do not trust on just one or two reviews. No pre-study is done to proof this assumption. Ideally to measure online herding value based on sales ranking, the highest level would be the number one position this month.  However this would be compromising to a realistic experiment if respondents were given two number one positions in one choice set. No academic research ever studied the relative part-worth utility of the first four variables and price, therefore the levels of this attribute chosen conservative.  
Table 1: Attributes and assigned levels used in the survey

	Attributes
	Levels

	Consumer review valence
	5.5 / 10, 7.5 / 10, 9.5 / 10, None

	Number of consumer reviews 
	15, 80, None 

	Expert review valence
	5.5 / 10, 9.5 / 10, None

	Sales ranking
	Not in top-25 this month, In top-25 this month, In top-3 this month

	Price
	90%, 100 %, 110 %


3.3.2 Linear Design
Although the number of attributes and levels are kept small, this study is confronted with a relative complex linear design. As stated before consumer review value is a remarkable attribute in this study, because it is held responsible for all of the interactions terms. In addition to this alternative specific effects are to be considered. The combination of no consumer reviews and a certain consumer review valence would not be a realistic option. Especially for these complex situation it is advisable to make use of computer-generated design algorithms (Kuhfeld, Tobias, & Garratt, 1994). To search for an optimal design for this set of attributes the OPTEX and FACTEX procedures are used of SAS statistical software (www.sas.com).

These procedures allow for two types of designs: generic and labeled designs. Generic choice designs are intended for situations were the study is aimed to gain insights in generic main effects and all attributes are treated equal. Labeled designs are used if, as in the case of this study, one attribute is treated specially to also gain better insights in the way it interacts with the other attributes. Kuhfeld states that the labeled or linear model approach is conservative and safe, the drawback for this approach is that it might require more choice sets (Kuhfeld, 2001).
Table 2: Representation of labeled design factors

	
	Alternative 1:
	Alternative 2:
	Alternative 3:
	Alternative 4:

	Consumer review valence (Label)
	9.5 / 10
	7.5 / 10
	5.5 / 10
	None

	Expert review valence (3 levels)
	X1
	X2
	X3
	X4

	Number of consumer reviews (2 levels)
	X5
	X6
	X7
	

	Sales ranking (3 levels)
	X8
	X9
	X10
	X11

	Price (3 levels)
	X12
	X13
	X14
	X15


As shown in table 2 a linear design is needed with 15 factors ( 3 x 2-level factors and 12 3-level factors). Note that the alternative specific effect problem is solved by not assigning a factor for number of consumer reviews for alternative 4. The full factorial design for this labeled design would have 312 * 23 = 4,251,528 runs or choice sets, therefore SAS is used to search for fractional factorial designs (based on a algorithm by Kuhfeld et al.). The code and results based the operations performed in SAS are included in Appendix A.  
For this set of factors the algorithm comes up with two orthogonal arrays of 36 runs, which are chosen as candidate sets for our linear design. This corresponds with 36 choice sets per respondent, which are far too many. Risks are respondents not fulfilling the complete experiment due to a lack of time, or underperforming due to concentration problems. As a result the linear design is split up in three blocks of 12 choice sets per respondent. This is in the range (12-18) of the recommended number of choice tasks by (Orme & King, 2006). 
The goodness of an experimental design (efficiency) can be quantified as a function of the variances and covariances of the parameter estimates (Kuhfeld et al., 1994). The evaluation for efficiency for the linear designs is performed with the D-efficiency function, whereas efficiency increases as the variances decrease. Both the original as the blocked linear design are 100 % D-efficient and show an equal distribution of frequencies, and no correlations or duplicates. Thus this blocked design will be used for constructing the choice design. 
3.3.3 Choice design

Departing from the proposed efficient linear labeled design the choice design is generated. The choice design is evaluated in the ability and efficiency to fit the parameters anticipated in the hypothetical model of this study. Efficiency tests show that the proposed choice design is able to estimate parameters for both the main effects model and interaction effects. All parameters (reference levels excluded) show one degree of freedom, and variances are balanced and equal for variables with similar levels. Results and performed operations are shown in more detail in Appendix B. Table 3 shows an example choice set of the choice design used in this study. A `no buy’-alternative is not included in the choice tasks. Although including this alternative is more realistic, the goal of this study is not a market simulation. Our focus is on the moderating effects given the fact that the consumer is purchasing a good. Therefore a `no buy’-alternative is not relevant. 
Table 3: Example choice set (Block=2, Choice set=2) of the final choice design

	
	Alternative 1:
	Alternative 2:
	Alternative 3:
	Alternative 4:

	Consumer review valence
	5.5 / 10
	7.5 / 10
	9.5 / 10
	None

	Expert review valence
	9.5 / 10
	5.5 / 10
	5.5 / 10
	9.5 / 10

	Number of consumer reviews
	15
	80
	80
	None

	Sales ranking
	Not in top-25 
	In top-25
	In top-25
	In top-3

	Price
	90
	90
	90
	90


3.3.4 Scenario design

Experience goods and search goods are not distinct in the choice design, because the aim of this study is to explore differences in trade-off behavior of either experience good alternatives or search good alternatives. To be able to estimate the effect in a balanced way, each of the three choice design block will be assigned to both a unique experience and a search good. Based on the three different examples per type the effects are generalized. Consequently the survey consist of six blocks, of which participating respondents randomly are assigned to perform one. To prevent ranking of the labeled alternative to effect the results, their order is randomized in the survey.
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Figure 2: Illustration of scenario design
The respondents are random assigned to one of the six scenarios. They are introduced to the choice experiment with the assignment to buy a certain good with a predefined set of attributes at a (fictive) comparison website. For each choice set a fictive result of four alternatives is shown that meet their query at the comparison website. Based on these alternatives, respondents are asked to choose the alternative that represents the best deal in their opinion. Table 4 shows descriptions of all scenarios used for this study, an extensive description of the survey design in Dutch can be found in Appendix C.
Table 4: Description of all scenario characteristics

	Experience good scenarios
	Requirements

	Hotel – Book a hotelroom in Paris. 
	· Location: City centre of Paris, near Grand Boulevards 

· Classification: 3 stars

· Period: fr april 2, 2010 – mo april 5, 2010 (3 nights)

· One room, two guests

· Bathroom, safe, WiFi, airconditioned and room service

	Plasterer – Book a plasterer to plaster your wall.
	· Location: In your neighbourhood 

· Surface: 40 m2

	Guitar – Order a guitar that meets the requirements.
	· Type: Western guitar
· Shape: Dreadnought

· Material: Rosewood (body), spruce (pickguard), mahogany (neck)

· XLR-connector, 5-band EQ, with tuner

	Search good scenarios
	Requirements

	Camera – Order a photo camera the meets the requirements
	· Pixels: 10.1 Megapixel

· Lens: Carl Zeiss (5x optical zoom, 10x digital zoom)

· Screen: 3.5 inch touchscreen

· Weight: 150 gram

· Sound and movie recording, built-in flash, intelligent smile and facial recognition

	Laptop – Order a laptop that meets the requirements.
	· Processor: Intel Pentium Dual Core, 2160 Mhz

· RAM-memory: 3072 Mb DDR2 SDRAM

· Harddisk: 320 Gb

· Screen: 15.4 Inch WXGA (16:10)

· Weight: 2.8 kilo

· Battery usage: 3 hours

· DVD RW, webcam, Wireless LAN, 4 USB-ports, 4 in 1 card reader

	Refrigerator – Order a refrigerator that meets the requirements
	· Energy-class: A

· Annual energy consumption: 310 – 320 kWh

· Volume: 280 – 290 liter

· Volume freezer compartment: 85 liter

· Rating freezer compartment: 4 stars

· Dimensions: 177 cm x 60 cm x 69 cm

· Weight: 70 kg

· Full Nofrost system

	Price filter for all scenarios
	· 350 – 450 euro


3.3.5 Internal validation

Based on the assumptions of RUT, respondents’ stated preferences should not violate welfare-theoretic principles such as preference satiation and stability (F. R. Johnson & Mathews, 2001). However, CBC tasks might be cognitively challenging for some respondents, and even attentive respondents may report inconsistent choice behavior. In order to measure internal consistency two extra choice sets are included for each scenario. These extra choice set will be included for validation purposes, preferences will therefore not be used for model estimation. 
At first we test for preference satiation. Dominance, or non-satiation tests may make sense with quantitative data in which there is a clear ordering of the levels on the attributes (Lancsar & Louviere, 2006). Although the labeled attribute, consumer valence, is assumed to have a positive impact on perceived value, this might not be true for all respondents’ decision rules. For example, one might not prefer a hotel that is approved by the majority of people. Thus the labeled attribute can not be considered to have a clear ordering of the levels for all respondents. This is why an extra choice set is included with two dominated options for the price attribute and all other attributes held equal. 
Table 5: The dominated choice set (alternative 1 and 4 are dominated)
	
	Alternative 1:
	Alternative 2:
	Alternative 3:
	Alternative 4:

	Consumer review valence
	7.5 / 10
	9.5 / 10
	7.5 / 10
	9.5 / 10

	Expert review valence
	N.A.
	N.A.
	N.A.
	N.A.

	Number of consumer reviews
	80
	80
	80
	80

	Sales ranking
	In top-25 
	In top-25
	In top-25
	In top-25

	Price
	100
	100
	90
	110


At least during the choice experiment, we also expect respondents’ preferences to be stable. For each scenario the  second choice set is duplicated and is repeated at the end of the survey.   

3.3.6 Familiarity construct

As stated before, product familiarity is used in this study as a proxy for prior product class knowledge. Previous studies show three types of measures for consumer product knowledge (Brucks, 1985):

· (subjective) self-stated rating of product knowledge 
· Objective testing of knowledge

· Stated product purchasing or usage experience

Objective testing of knowledge is not feasible for this study, since this is characterized by a large amount of questions. This would ask to much of each respondent, the choice experiment on its own is already challenging. And on the other hand this study involves six product classes. It would be complicated to create tests that are balanced and valid for all product classes. Studies also show conflicting results on the difference between subjective and objective measures of prior product class knowledge (Brucks, 1985), so the subjective types of measures are not necessarily a worse construct.
Two questions (“Did you ever purchased this type of product/service before?” and “Did you ever gathered information on this type of product/service before?”) are included at the end of the experiment in order to create a construct on familiarity based upon stated product purchasing experience and self-stated product knowledge. Whereas respondents stated they purchased the good at least once and at least gathered some information before, are characterized as high-familiar to the product class. The other respondents are considered to be low-familiar.
3.3.7 Population and sample selection

The target population for this study is quite broad, and defined as everyone with internet access capable of making purchase decisions. Due to this broad population definition, snowball sampling (Malhotra & Peterson, 2006) by e-mail is used to invite respondents to perform the choice experiment. The snowball effect is created by asking respondents to forward the e-mail invitation to others that might be willing to cooperate to this study. The first wave is created by inviting family, friends, colleagues and fellow students. Since snowball sampling is a non-probability sampling method, the sample might be biased. Therefore some demographic (gender, and age) and internet usage questions (‘Do you use comparison websites?’ and ‘How often do you buy products or services online?’) are included at the end of the questionnaire. In order to increase the response rate to the invitations, a small incentive was raffled among the respondents who successfully performed the choice experiment. 
4 Results

4.1 Descriptives
After the first wave was invited to participate for the experiment, 300 respondents started the experiment. Over 81 % of the respondents finished the experiment leaving the observations of 242 respondents that are included in the analysis for this study. On average it took a respondent 8 minutes to perform the experiment completely. This could explain the drop-out rate. However we do not expect this to influence the results of the study. The sample size indicates to meet the required of minimum sample size, given the number of observations and analysis cells (based on a recommended rule-of-thumb by (Orme & King, 2006)).
Table 6: Demographic & Online familiarity sample descriptives

	Gender
	
	
	Age
	
	
	
	

	Male
	Female
	
	
	<18
	18-35
	36-60
	51-65
	>65

	62.8 % (N=152)
	37.2 % (N=90)
	
	
	0.8 %

(N=2)
	65.7 % (N=159)
	23.6 %

(N=57)
	8.7 %

(N=21)
	1.2 %

(N=3)

	* No significant difference on allocation search vs. experience (X2=0.188, df=1, p=0.665)
	
	* No significant difference on allocation search vs. experience (X2=1.241, df=4, p=0.871)
	

	
	
	

	Comparison website usage
	
	
	Online purchase frequency
	
	

	Yes,

Always
	Yes, often
	Yes,

sometimes
	No, never
	
	At least every week
	Every month
	At most, a few times a year
	Only online orientation 
	Never

	5.8 % (N=14)
	33.5 % (N=81)
	52.5 % 
(N=127)
	8.3 % (N=20)
	
	6.6 %
 (N=16)
	41.3 % (N=100)
	46.7 %
 (N=113)
	5.0 %
 (N=12)
	0.4 % (N=1)

	* No significant difference on allocation search vs. experience (X2=0.775, df=3, p=0.856)
	
	* No significant difference on allocation search vs. experience (X2=2.437, df=4, p=0.656)


The sample descriptive show a nice distributed population based upon gender, age, comparison website usage and online purchase frequency. A overwhelming majority of the sample is familiar with comparison websites and purchased goods online.  Gender and age are slightly biased (overpopulation of males, and age category 18-35), strictly the preferences can not be generalized towards the population described in paragraph 3.3.7. However since this study does not involve market simulations, we have no reasons to believe this will significantly affect the outcomes of the hypothesis testing.
4.2 Model outcomes
In order to fit the MNL model we used the SAS PROC PHREG macro to estimate the parameter coefficients (Kuhfeld et al., 1994). At first a main effects model to estimate the attribute part worths, and then a second model is estimated to measure the hypothesized interaction effects between the attributes.
Table 7: Results from the MNL model for main effects and hypothesized interaction effects

	
	Main effects model (N=242)
(-2 * Log likelihood: 4176.471, χ2=3875.13, df=13 , ρ<0.0001)
	Interaction effects model (N=242)
(-2 * Log likelihood: 4169.344, χ2=3882.25, df=17 , ρ<0.0001)

	
	Utility

(Std. Error)
	
	Utility

(Std. Error)

	Consumer =9.5 

	2.35476 ***
(0.0957)
	
	2.32297 *** 

(0.10520)

	Consumer =7.5 

	1.11035 *** 
(0.09166)
	
	1.08235 *** 

(0.09415)

	Consumer =5.5 

	-0.68462 ***

(0.11007)
	
	-0.27200 *

(0.13342)

	No consumer 

	0

	
	


	Expert =9.5 

	2.08784 ***

(0.08957)
	
	2.13809 ***

(0.09105)

	Expert =5.5 

	-0.47105 ***

(0.08937)
	
	-0.48017 ***

(0.11448)

	No expert reviews

	0
	
	

	Consumer=5.5*Expert=9.5

	-
	
	-0.04419
(0.19304)

	Consumer=9.5*Expert=5.5

	-
	
	0.06352
(0.15090)

	# reviews=80 

	0.33389 ***

(0.06825)
	
	0.40728 ***

(0.07438)

	# reviews=15

	0

	
	


	Consumer=5.5*# reviews=80

	-

	
	-0.43472*
(0.18869)

	Rank=Top3 


	1.5508 ***

(0.09942)
	
	1.61891 ***

(0.09523)

	Rank=Top25 

	0.81093 ***

(0.08182)
	
	0.81025 ***

(0.08341)

	Consumer=5.5*Rank=Top3

	-
	
	-0.32146 *
(0.16283)

	Rank= Not Top 25

	0
	
	

	Price=440 

	-1.58106 ***

(0.07642)
	
	-1.60370 ***

(0.07835)

	Price=400 

	-0.74095 ***

(0.07369)
	
	-0.72361 ***

(0.07667)

	Price=360

	0
	
	0

	Both models: 11616 obs.. Dummy parameters were included in both models to correct for alternative order effects, however excluded from this table (see Appendix D). Χ2 ~ α<0.001***,  α <0.01**, α <0.05* 


The main effects model results show that all attributes and corresponding levels have significant (α<0.001) coefficients. As expected, the price coefficients have a negative sign, whereas a higher price corresponds with lower utility. According to H1, the number of consumer reviews and a high sales rank position positively affects the expected value of a good, resulting in a herding effect. This hypothesis is supported by the main effects model results since the parameters # reviews=80, Rank=Top3 and Rank= Top25 support have a significant (α<0.001) positive coefficient. To test whether model coefficients differ significantly from each other two-sample t-tests with unequal variances are performed in this paragraph. Whereas Rank=Top3 contributes significantly (t=89.39, df=∞, ρ<0.001) more to the utility than Rank=Top25. With respect to the effect of consumer review valence, a negative valence (5.5/10) has a significant (α<0.001) negative impact on the utility of the offer. Both positive valences (7.5/10 and 9.5/10) show to have a significant (α<0.001) impact, whereas the impact of a 9.5/10 valence is significantly (t= 146.09, df=∞, ρ<0,001) larger than a valence of 7.5/10. These results all support H3 in the way that consumer review valence is positively related to the perceived value of an offer. 

Consequently we can draw the same conclusions with respect to expert review value. Both the expert=9.5 and expert=5.5 show to have a significant effect (α<0.001) with signs similar to the corresponding consumer review value valence. Both the impact of positive (t=31.67, df=∞, ρ<0,001) and negative (t=23.43, df=∞, ρ<0,001) valence show to be significantly less for expert reviews, thus H4a is supported.
The interactions model is constructed to test hypotheses H2 and H4b. Negative consumer valence (5.5/10) show significant signs (α<0.05) to negatively interact with both a high number of reviews and sales ranking (online herding signals). Therefore H2 is supported that negative consumer valence diminishes the herding effect. The interactions model results reject H4b since the coefficients of the relevant interaction parameters were too small to indicate a significant effect. 
In both main effects and interaction effects model dummy parameters were included to correct for alternative order effects.

Table 8: Estimated attribute importance (based on main effects model)

	Attribute
	
	
	Lowest utility
	Highest utility
	Range
	Avg. Relative importance

	Positive consumer valence
	0
	2.355
	2.355
	26.0%

	Negative consumer valence
	-0.685
	0
	0.685
	7.6%

	Consumer valence total
	
	
	
	33.5%

	Positive expert valence
	0
	2.088
	2.088
	23.0%

	Negative expert valence
	-0.471
	0
	0.471
	5.2%

	Expert valence total
	
	
	
	
	28.2%

	Amount of reviews
	
	0
	0.334
	0.334
	3.7%

	Sales ranking
	
	0
	1.551
	1.551
	17.1%

	Price
	
	
	-1.581
	0
	1.581
	17.4%

	Sum of importance:
	
	
	
	9.064
	100.0%


Table 9: Estimated willingness to pay (based on main effects model)

	Attribute
	Estimated WTP

	Consumer valence1
	

	9,5
	
	€ 112* 

	7,5
	
	€ 53* 

	5,5
	
	-€ 37 

	Expert valence2
	

	9,5
	
	€ 99* 

	5,5
	
	-€ 25 

	Number of reviews3
	

	80
	
	€ 18 

	Sales ranking4
	
	

	Top 3
	
	€ 74* 

	Top 25
	
	€ 39 

	Willingness to pay with respect to base level: 1 no consumer reviews, 2 no expert reviews, 3 15 reviews, 4 not in top 25, and all other levels equal. Based on this study average price € 400. * Exceeds price level differences incorporated in study.


To interpret the utility results of the main effects model, indicative average attribute importance and estimated average willingness to pay are calculated in tables 8 and 9. Willingness to pay is calculated based on the marginal rate of substitution between the attribute and the price level attribute. Following on this, the ratio of the utility with respect to the base level to the absolute price attribute price utilities indicates how much money an individual is willing to pay for a unit change in that attribute. These results are highly indicative, since it assumes linear price effects beyond the incorporated price levels, and different WTP estimates exceed the price level differences incorporated in the experiment. 
4.3 Control & Manipulative variables
Measuring the effect of control and manipulative variables is complicated for this study, because it is inappropriate to compare utilities or beta parameters for two MNL models (Swait & Louviere, 1993). Following Swait and Louviere MNL models contain an embedded Gumbel scale parameter, which may not be same for two models compared to each other. In order to compare two MNL models a test is outlined by (Swait & Louviere, 1993). This test will be used to test for difference in preferences between search and experience goods, and between high-familiar or low-familiar respondents (see also paragraph 3.3.6 for classification) corrected for scale parameter differences.   
Table 10: Comparing coefficient estimates for various groups of respondents

	Pooled data
	
	Log likelihood function
	Chi-square statistics
	Results

	
	
	
	
	
	
	
	

	All respondents
	
	-2094.64
	
	
	
	

	
	
	
	
	
	
	
	

	Type of good a
	
	-2093.42
	
	48.164
	
	Reject H0

	
	Experience goods
	-1072.45
	
	
	
	

	
	Search goods
	-996.89
	
	
	
	

	
	
	
	
	
	
	
	

	Familiarity b
	
	-2088.99
	
	15.946
	
	Support H0

	
	Familiar
	-638.07
	
	
	
	

	
	Non-Familiar
	
	-1443.96
	
	
	
	

	The null hypothesis is that coefficient estimates are not different between subgroups and χ2 (11) = 19.68 at 95 % confidence level. Estimated scale ratios: a 0.92, b  1.18 (see appendix D) 
-2 [ Ln(pooled data) – Ln(subgroup 1) – Ln(subgroup 2)] ~ χ2 (# parameter estimates + 1)


Table 10 shows that for type of good, the subgroups show significant different coefficient estimates. This means that difference in preferences between subgroups is supported. With respect to familiarity significant differences in coefficient estimates are not supported by the results of the test. Consequently H6 is not supported, since there is no indication that product familiarity influences the relative effect of the included herding and eWOM factors.

Although preferences differ significantly among the different types of goods, this does not imply anything on the direction of relative importance of different attributes. For this reason an interaction effects model is estimated, whereas two price attribute levels interaction parameters are included. These interaction parameters measure relative importance differences between the price attribute and the other parameters. If the interaction parameters show to diminish the relative price effect for experience goods, consequently the overall other factors are relatively more effective. In other words respondents would be willing to pay more for a higher level of a certain (non-price) attribute.  The results of these models (table 11) show that the negative impact on utility of a price premium (Price=440) is amplified for experience goods (α<0.05). The other experience price interaction parameter (Price=360) shows no significant coefficient, however its sign also amplifies the relative effect of price. When corrected for relative scale differences, adding the interaction parameters showed to make the model be significantly more predictive (χ2=11.08, df=2, p<0.01).
Table 11: Results from the MNL models for experience and familiarity price interactions
	
	Experience interaction model (N=242)
(-2 * Log likelihood: 4175.760, χ2=3875.84, df=12 , ρ<0.0001)

	
	Utility

(Std. Error)
	

	Price=440 

	-0,73173 ***
(0.10488)
	

	Price=360 

	0.68674 *** 
(0.09846)
	

	Price=400 

	0
	

	Price=440*experience


	-0.34844 *

(0.15460)
	

	Price=360*experience 

	0.15945 

(0.14308)
	

	Both models: 11616 obs.. All parameters other than price are excluded in this table.  Estimated scale ratio: 0.887 (See Appendix D). 
 Χ2 ~ α<0,001***,  α<0,01**, α<0,05* 


Based on these results we can conclude that the overall herding and eWOM factors are relatively less effective to influence purchase decisions for experience goods as for search goods. Therefore H5 is rejected.
A robustness check by holding out the observations of one product category each, showed that the conclusions with respect to H5 are confirmed for all product hold outs, except for the hold out of laptops. The model for this product category showed the correct signs for the relevant interaction terms, however not significant. Based on these findings we see no reason to not generalize the conclusions of the product categories to their relevant type of good.

4.4 Other results

To gain more insights in the moderating effects of type of goods, the relative attribute importance and willingness to pay are estimated among the different subgroups. These results are not hypothesized and tested for significance since they are estimated in different MNL models, however are included as indicative contributions of this study. The results of the estimated attribute importance (table 12) among the different groups confirm that the price attribute is more important for experience goods.
Table 12: Estimated attribute importance (based on main effects model)

	Attribute
	
	
	Avg. Relative importance

	
	
	
	All respondents
	Search Goods
	Experience Goods

	Positive consumer valence
	26.0%
	24.0%
	28.2%

	Negative consumer valence
	   7.6%  
	10.3%
	4.5%

	Consumer valence total
	33.5%
	34.4%
	32.7%

	Positive expert valence
	23.0%
	25.3%
	20.5%

	Negative expert valence
	5.2%
	5.0%
	5.5%

	Expert valence total
	
	28.2%
	30.3%
	26.1%

	Amount of reviews
	
	3.7%
	4.2%
	2.9%

	Sales ranking
	
	17.1%
	15.6%
	18.9%

	Price
	
	
	17.4%
	15.6%
	19.4%


Table 13: Estimated willingness to pay (based on main effects model)

	Attribute
	Estimated WTP
	
	

	Consumer valence1
	All observations
	Search 
Goods
	Experience goods

	9,5
	
	€ 112*
	€ 128*
	€ 103*

	7,5
	
	€ 53*
	€ 49*
	€ 57*

	5,5
	
	-€ 37
	-€ 51
	-€ 21

	Expert valence2
	
	
	

	9,5
	
	€ 99*
	€ 135*
	€ 75*

	5,5
	
	-€ 25
	-€ 25
	-€ 26

	Number of reviews3
	
	
	

	80
	
	€ 18
	€ 22
	€ 11

	Sales ranking4
	
	
	
	

	Top 3
	
	€ 74*
	€ 83*
	€ 69*

	Top 25
	
	€ 39
	€ 49
	€ 32

	Willingness to pay with respect to base level: 1 no consumer reviews, 2 no expert reviews, 3 15 reviews, 4 not in top 25, and all other levels equal. Based on this study average price € 400. * Exceeds price level differences incorporated in study.


With respect to different preferences between search and experience goods the results confirm that overall herding and eWOM factors are relative more effective for search goods as for experience goods.  Especially negative consumer and positive expert valence seems to have a relative higher impact on search goods. Whereas for search goods, positive expert valence even indicates to be more effective than positive consumer valence.

4.5 Internal validity
It is not possible to correctly estimate preferences with MNL if the respondents’ stated preferences violate welfare-theoretic principles. However choice based analysis tasks can be a true cognitive challenge, especially for this study in which were incorporated fourteen choice tasks, four alternatives each. Consequently even most regardful respondents with well-behaved preferences may report some inconsistent responses. Evaluation is needed to conclude whether the inconsistent responses are serious enough to invalidate the welfare-theoretic validity of a respondent’s response (Lancsar & Louviere, 2008). We will use three types of approaches to measure this validity: (1) consistency of preferences, (2) dominant preferences, and (3) consistency with theoretical predictions. 

As described in paragraph 3.3.5 two choice tasks were included to test for consistency of preferences. About 5 % (N=13) of the respondents failed at the non-satiation test and chose an alternative which was dominated (all attribute levels held equal, except for price the level). The second consistency test measured preference stability. For this test around 25 % (N=60) failed to choose the same alternative when the choice task was repeated later on in the experiment. 

Based on the stated preferences we found no respondents to have dominant preferences. Whereas respondents were classified to have dominant preferences if an attribute level was chosen each time it was offered, excluding choice tasks with all alternatives having the same level for that particular attribute.

The signs of the estimated preferences are all consistent with a prior theoretical predictions, thus a lower price, higher valence, sales ranking and number of reviews are preferred. Following (Lancsar & Louviere, 2006) and based on the conclusions above, we see no basis to exclude respondents that do not pass all internal validity tests. The results of table 13 also show that the coefficient estimates do no significantly differ, indicating limited preference differences between the validity subgroups.
Table 14: Comparing coefficient estimates for various groups of respondents

	Pooled data
	
	Log likelihood function
	Chi-square statistics
	Results

	
	
	
	
	
	
	
	

	All respondents
	
	-2094.64
	
	
	
	

	
	
	
	
	
	
	
	

	Validity
	
	-2091.99
	
	17.158
	
	Support H0

	
	`valid’ respondents
	-1470.09
	
	
	
	

	
	`invalid’ respondents
	-613.312
	
	
	
	

	
	
	
	
	
	
	
	

	Gender
	
	-2093.72
	
	37.253
	
	Reject H0

	
	Male
	-1281.44
	
	
	
	

	
	Female
	
	-794.65
	
	
	
	

	
	
	
	
	
	
	

	Age
	
	-2074.69
	
	16.280
	
	Support H0

	
	18-35 year old
	-1246.29
	
	
	
	

	
	Others
	
	-820.27
	
	
	
	

	The null hypothesis is that coefficient estimates are not different between subgroups and χ2 (11) = 19.68 at 95 % confidence level.

-2 [ Ln(pooled data) – Ln(subgroup 1) – Ln(subgroup 2)] ~ χ2 (# parameter estimates + 1)


Based on the same test by (Swait & Louviere, 1993), the biased age category also does not significantly with respect to the rest of the sample, however the gender test showed that males significantly differed in preferences from females. Therefore the results of the sample of this study can not be generalized to the population described in paragraph 3.3.7.
5 Discussion

To what extend do herding and eWOM effects, or the interaction of both, influence purchase decisions in an online environment? This is the research question we have tried to answer in this study. Based on the results of the literature review, the formulated sub questions and corresponding hypotheses tested by this study we will try to answer the central research question. 
	Subquestion 1: What is the relative effect of online herding effects such as a) sales rankings and b) number of consumer product reviews on product trade-offs?



	Hypothesis:
	Result:

	H1 : Prior to the purchase decision a) the number of consumer reviews and b) a high sales rank position positively affects the expected value of a good.
	Supported


As postulated based on our literature review, the number of consumer reviews and high sales rank position positively affects the expected value of a good. These factors can therefore be seen as online herding factors. Whereas the herding effect is the willingness to pay for a product with a higher sales rank, or with more consumer reviews. Even though these factors lack the feedback on product experiences. Remarkably, the sales rank effects outperform the effects on the number of reviews. Results show that the number of reviews is the least important factor incorporated in this study. The number of reviews might be more influencing when the attribute level differentiation started at a low number (1 to 10) of reviews. In such a setting the number of reviews becomes a signal on the credibility or quality of the consumer valence. Any effect measured would probably not be a herding effect. To correct for this potential effect, this study incorporated a high number of reviews.

	Subquestion 2: What is the relative effect of eWOM effects such as a) expert product review and b) consumer product review valence on product trade-offs?



	Hypothesis:
	Result:

	H3 : Prior to the purchase decision the average product rating, or consumer review valence is positively related to the expected value of a good.
	Supported

	H4a : Prior to the purchase decision the expert review valence is positively related to the expected value for a good, however less effective as consumer review valence (H3).
	Supported


Both consumer and expert review valence showed to strongly affect the expected value of a good. The results show that the respondents were willing to pay a significant premium for products with a high valence coming from both experts and consumers. As the literature stated consumer valence is more credible and evokes stronger empathy as to expert valence (Huang & Chen, 2006; Senecal & Nantel, 2004). This was confirmed by the support of H4a, whereas was stated that expert review valence was less effective to affect the expected value for a good. However, expert valence showed to be a relative important factor. The results even indicated that for search goods positive expert valence was more effective than positive consumer valence. 
	Subquestion 3: To what extend do these two types of effects interact with each other in the way they influence online purchase decisions?



	Hypothesis:
	Result:

	H2 : Negative or low consumer review valence diminishes the herding effect (H1), signaling a bad product experience.
	Supported

	H4b : Consumer review valence (H3) diminishes the effect of expert review valence (H4a), if both signals contradict. 
	Not Supported


Results of the interaction parameters showed that the articulation of product experiences by consumer review valence is an effective feedback mechanism to reduce herding effects. Negative consumer valence showed to diminish herding effectiveness, consequently reducing the possibility of herding externalities. Hence, this conclusion limits the effects of herding factors, in such a way that it should be accompanied with a positive product experience in order to stay effective. 
In contrast to our hypothesis, contradicting consumer and expert valences do not show to interact significantly with each other. We assumed that due to its credibility and stronger empathy consumer valence would diminish the expert valence for these cases. However the respondents used the review valence factors for different cues to base their preferences on. Probably the expert review valence as incorporated in this study was perceived credible, possibly because they were described as experts of the comparison website. Therefore considered as an independent (not firm-initiated) information source.

	Subquestion 4: To what extend does the relative effect of all factors differ between search and experience goods?



	Hypothesis:
	Result:

	H5: Herding effects and eWOM effects (H1, H3 & H4) are more effective to affect expected value for experience goods, as for search goods.
	Rejected


The hypothesized effect of experience goods was also rejected by the results of our study. Based on relevant studies and literature we hypothesized that for experience goods, consumers perceived more risks, due to abstract and experience oriented product information (Zeithaml, 1988). Studies also showed that online information sources from other consumers and neutral sources were perceived to be more important (Bei et al., 2004). Consequently we argued that herding and eWOM effects were more effective to affect expected value for experience goods. However this proved not to be the way. From a certain perspective these results do not have to contradict the results of previous studies. 

This study did not measure the willingness to search and rely on this specific type of information, but its effectiveness in influencing the purchase decision. Due to the experiment setting, respondent were somehow forced to evaluate these attributes, even though in a natural setting they would not consider to search for this type of information. And although the respondents may even rely more on the herding and eWOM information, the information can also be interpreted as more subjective for this type of goods. Experience goods are valued on experience, however the valuation of this experience is on personal beliefs and therefore more subjective. Respondents might put the herding and eWOM information in perspective due to its subjective basis. As a result of this, it is less effective to affect the perceived value of a good.
	Subquestion 5: To what extend does the relative effect of all factors differ between consumers with different levels of product class familiarity?



	Hypothesis:
	Result:

	H6:  Herding effects and eWOM effects (H1, H3 & H4) are more effective to affect expected value for respondents that are familiar with the product class (as an indicator for prior product knowledge).
	Not supported


The results of this study showed no significant preference differences between respondents that were either familiar with the product class or not. As a consequent of that, our hypothesis that familiar respondents were more affected by the herding and eWOM effects is not supported. We have two possible explanations for this result. As discussed before the construct for familiarity is a proxy for product knowledge, and therefore might not have been a valid construct. Further research based on objective knowledge testing is needed to exclude this possible effect. 
Another possibility is that the construct was indeed valid, however the hypothesized effect is not present. The literature review revealed that familiar respondents were presupposed to examine attributes more extensively, and were able to formulate a more complex preference structure. From another perspective the attributes included in this experiment might not be considered as product class specific, but a more general class of product information. No product class knowledge is needed to interpret the included feedback mechanisms that can be applied for all types of product classes. This may implicate that the attributes included in this experiment can be considered as a general class of product attributes that require no prior product knowledge to value a certain product. Any product oriented attribute stimuli were excluded from the experimental set up. This reasoning is supported by the results of a study by (Park & Kim, 2008). Their experiment stimuli were focused on the textual articulation of consumer reviews, which were excluded in our study. They found that product expert respondents were more affected by product attribute centric consumer reviews, and less by benefit centric. The more novice respondents showed to be more affected by benefit centric consumer reviews. Therefore it is reasonable to assume that, corrected for the effect of incorporated product attribute information, product familiarity does not influence the effect of herding and eWOM mechanisms. 
5.1 Limitations
As with every study, due to time restrictions and advancing understanding, the implications of the results are limited in some ways. 

With respect to the choice design, based on the revealed utilities by the experiment results, it would be possible to generate a more balanced choice design. This studies choice design was optimized based on a) level balance, b) orthogonality and c) minimal overlap. Whereas given the estimated utility levels, the design could also be balanced for utility. This implies that the algorithm would search for a design whereas the probabilities of choosing alternatives within a choice set should be as similar as possible (Huber & Zwerina, 1996).

Hindsight, with the unexpected success of the snowball sampling method, we could easily have reduced the number of choice tasks per respondent. Although as mentioned before the number of choice tasks were in the range as recommended by (Orme & King, 2006), it took the average respondent around eight minutes to perform the complete survey. This might indicate that is was challenging to stay concentrated and make optimal choice decisions during the complete experiment.  

For optimal and realistic utility estimations it would be more favorable to include more levels per incorporated attribute. However given the number of attributes, this would require a lot of respondents, or multiple experiments. Given the utility estimates the experiment should have included more price levels, or the minimum and maximum price should exceed current values. This made the willingness to pay estimates highly indicative, since several attribute levels showed WTP estimates that exceeded the price level differences incorporated in the study. 

The utility estimation by the MNL model suffer from the property of independence of irrelevant alternatives (IIA) and the aggregated representation of the preferences of all respondents, therefore the model is not capable to assess for latent heterogeneity. Potentially there are preferential segments within the sample. The segment sizes and the different sets of preferences might have gained more insights. However more complicated extensions to the MNL are needed to estimate these effects.  

With respect to previous relevant research, the implementation of a choice based experiment is a clear step towards a realistic purchase decision simulation. However, from the perspective of a real life shopping experience, realism is still limited. Due to the characteristics of the internet, more than one relevant and authoritative comparison website with different information and quality signals is likely. The presence of a large amount of alternatives is also not simulated by this experiment. Departing from this findings consumers in a real online shopping environment a confronted with contextual choice effects such as tradeoff contrast and extremeness aversion (Simonson & Tversky, 1992), which might be absent or not similar In our study due to our artificial experimental setting. 

The previously mentioned absence of objective product knowledge testing and sample representative issues are also considered to be limiting in the interpretation of the results. 

6 Conclusions and recommendations
The results of this study show that consumers are significantly willing to trade of between herding, eWOM and price attributes. Although consumer review valence is the most effective factor, expert review valence also strongly contributes to the expected value prior to the purchase decision. 
The incorporated herding attributes (number of reviews and sales ranking) were less effective, however especially the impact of sales ranking communication should not be underestimated. 

Unlike to what was hypothesized, consumer and expert valence do not interact with each other. Contradicting signals of both attributes do not make the quality signal of the expert less credible. The indication of a bad product experience (negative consumer valence) showed to significantly diminish the positive herding effect. Therefore consumer reviews showed to be a effective feedback mechanism to reduce the possibility of herding externalities.
The overall effect of incorporated herding and eWOM attributes showed to affect expected value of search goods more than for experience goods when confronted with these attributes. Possibly the respondents considered that for experience goods reviews are more based on personal beliefs on the experience of using the good. As a consequent of this, the reviews are considered to be more subjective and respondents are more nuanced in interpreting these signals.   

Under the assumption that a valid construct was used for familiarity as a proxy for prior product knowledge, product familiarity showed to have no significant effect on the overall effectiveness of the incorporated herding and eWOM attributes. The implementation of the feedback mechanisms for this study can be characterized by the absence of textual articulation of either consumer or expert reviews.  Due to this absence it can be considered as a general class of product attributes that require no prior product knowledge to value a certain product.

6.1 Theoretical contributions
The implementation of a multinomial discrete choice experiment in this study is a clear step towards a realistic simulation of a purchase decision, as opposed to previous studies that were mainly based on factorial rating based experimental settings. This helped to gain more insights in the relative effectiveness of each of the attributes. More important, it enabled to gain insights in the way the different herding and eWOM attributes interacted as described in the previous paragraph. 
Our conclusions with respect to the difference in the effectiveness of herding and eWOM attributes showed that there is a difference between the willingness to search for and rely on this particular type of information and its effectiveness to affect the expected value of a good. Theoretical implications based on our literature review and the results of a relevant study showed that, for experience goods, consumers are confronted with a higher perceived risk and the lack of knowledge to perceive the value. Thus, for experience goods consumers are more willing to search for and rely on other experiences of others. The results of this study showed, that when confronted with this type of information it is less effective to affect the expected value of an experience good.
Further research is needed to validate that prior product knowledge doesn’t influence the effectiveness of herding and eWOM effects if no product (attribute) information is incorporated.

6.2 Managerial implications
In a world where the internet has grown in a mature channel whereas consumers can articulate their experiences and look up preceding consumers’ experiences in a structured way, the effect of online herding and eWOM should not be underestimated.  The results of this study underline the direct effect how this type of information directly influences the expected value of a good and consequently consumers’ purchase decisions. 
Losing the monopoly on the communication of their products, and being confronted with the fragmented characteristics of the internet, may cause marketers to feel they are losing grip on their consumer markets. Others might argue this is a new chance for marketers to do what they are supposed to do: create great product experiences for their customers. The feedback mechanisms caused by online herding and eWOM effects enables marketers to successfully launch products or services with the absence of significant media communication budgets.

It is important for marketers to identify the places on the internet where consumers come to retrieve information on their type of product or service. At first, their customers should be enabled to articulate their experiences by being present at these virtual market places. From this point on, active reputation management can be practiced. A preventive way of reputation management is to actively start dialogues with your customers and respond to their needs. Satisfied customers can be turned into ambassador by emphasizing them on the importance of their references. Excellence in complaint handling is a more repressive, but effective method to prevent, or reduce the impact, of customers articulating their bad product experiences. 
Industries characterized by flexible pricing (e.g. hospitality industry) can possibly gain from online herding effects and eWOM reputation by low introduction pricing. This stimulates the rise of a herding effect and a eWOM reputation based on great value for money. In a later stadium this reputation can be made profitable by asking premium prices. However as our results show there is no such thing as free lunch, online herding should be accompanied with a great experience to be effective.
6.3 Suggestions for further research

As with most studies this study has possibly risen more questions than it has answered. As described in the limitations, the realism of the purchase decision simulated in this experiment is still limited. Studies based on real life data of online purchase decisions might gain better insights in the way consumers are truly influenced by the factors incorporated in our study. 

Two other important factors that are excluded from this study are assumed to have a strong influence: textual articulation of the review and the reviewers background. Content of the textual articulation might moderate the relative impact for different types of consumers (familiarity) or even influence the credibility of the review. Influences of reviewer reputation or rapport with the reviewer (especially for experience goods) are factors that should be incorporated in further researches on this topic.  
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8 Appendices

8.1.1 Appendix A: Construction of linear design in SAS

Step 1: Search algorithm for the number of runs.

Result:

Design Summary

Number of

Levels       Frequency

2           3

3          12

                         Saturated      = 28

                           Full Factorial = 4,251,528

                           Some Reasonable                      Cannot Be

                              Design Sizes       Violations     Divided By

                                        36 *              0

                                        72 *              0

                                        54                3     4

                                        45               42     2 4 6

                                        63               42     2 4 6

                                        48               66     9

                                        60               66     9

                                        30               69     4 9

                                        42               69     4 9

                                        66               69     4 9

                                        28 S            114     3 6 9

                     * - 100% Efficient design can be made with the MktEx macro.

                     S - Saturated Design - The smallest design that can be made.

                         Note that the saturated design is not one of the

                         recommended designs for this problem.  It is shown

                         to provide some context for the recommended sizes.

      n    Design                                     Reference

                    36    2 ** 11  3 ** 12                        Orthogonal Array

                    36    2 **  4  3 ** 13                        Orthogonal Array

Interpretation: For this set of factors two candidate set with 2 orthogonal arrays with 36 runs, which are used for further evaluation. 

Step 2: Search and evaluate for efficient (blocked) linear designs in candidate set.

Results blocked design:

Canonical Correlations Between the Factors

There are 0 Canonical Correlations Greater Than 0.316

Block  x1    x2    x3    x4    x5    x6    x7    x8    x9    x10   x11   x12   x13   x14   x15

Block  1      0     0     0     0     0     0     0     0     0     0     0     0     0     0     0

x1     0      1     0     0     0     0     0     0     0     0     0     0     0     0     0     0

x2     0      0     1     0     0     0     0     0     0     0     0     0     0     0     0     0

x3     0      0     0     1     0     0     0     0     0     0     0     0     0     0     0     0

x4     0      0     0     0     1     0     0     0     0     0     0     0     0     0     0     0

x5     0      0     0     0     0     1     0     0     0     0     0     0     0     0     0     0

x6     0      0     0     0     0     0     1     0     0     0     0     0     0     0     0     0

x7     0      0     0     0     0     0     0     1     0     0     0     0     0     0     0     0

x8     0      0     0     0     0     0     0     0     1     0     0     0     0     0     0     0

x9     0      0     0     0     0     0     0     0     0     1     0     0     0     0     0     0

x10    0      0     0     0     0     0     0     0     0     0     1     0     0     0     0     0

x11    0      0     0     0     0     0     0     0     0     0     0     1     0     0     0     0

x12    0      0     0     0     0     0     0     0     0     0     0     0     1     0     0     0

x13    0      0     0     0     0     0     0     0     0     0     0     0     0     1     0     0

x14    0      0     0     0     0     0     0     0     0     0     0     0     0     0     1     0

         x15    0      0     0     0     0     0     0     0     0     0     0     0     0     0     0    1  

There are 0 Canonical Correlations Greater Than 0.316

Frequencies

Block        12 12 12

x1           12 12 12

x2           12 12 12

x3           12 12 12

x4           12 12 12

x5           18 18

x6           18 18

x7           18 18

x8           12 12 12

x9           12 12 12

x10          12 12 12

x11          12 12 12

x12          12 12 12

x13          12 12 12

x14          12 12 12

x15          12 12 12

                          Block x1     4 4 4 4 4 4 4 4 4

                          Block x2     4 4 4 4 4 4 4 4 4

                          Block x3     4 4 4 4 4 4 4 4 4

                          Block x4     4 4 4 4 4 4 4 4 4

                          Block x5     6 6 6 6 6 6

                          Block x6     6 6 6 6 6 6

                          Block x7     6 6 6 6 6 6

                          Block x8     4 4 4 4 4 4 4 4 4

                          Block x9     4 4 4 4 4 4 4 4 4

                          Block x10    4 4 4 4 4 4 4 4 4

                          Block x11    4 4 4 4 4 4 4 4 4

                          Block x12    4 4 4 4 4 4 4 4 4

                          Block x13    4 4 4 4 4 4 4 4 4

                          Block x14    4 4 4 4 4 4 4 4 4

                          Block x15    4 4 4 4 4 4 4 4 4

                          (...)

                            N-Way        1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

                                         1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Interpretation: The results show the blocked design is 100 % D-efficient, no canonical correlations, equal distributed frequencies and no duplicates.
Representation of block linear design:

    Block    Run   x1   x2   x3   x4   x5   x6   x7   x8   x9   x10  x11   x12   x13   x14   x15

       1       1    3    2    3    3    2    2    2    3    3    2     3     1     3     1     2

               2    3    1    1    1    1    2    2    1    3    1     1     3     3     1     3

               3    2    2    1    3    2    1    1    1    2    3     1     2     3     3     2

               4    2    1    1    2    2    2    2    2    1    1     2     2     2     3     3

               5    1    1    2    2    2    1    1    3    3    2     3     3     2     2     3

               6    1    1    3    3    1    1    1    2    3    3     1     2     2     1     1

               7    1    2    3    2    1    2    2    2    2    2     2     2     1     2     2

               8    2    2    2    1    1    1    1    3    2    1     2     1     3     2     3

               9    1    3    2    1    2    2    2    1    2    3     1     3     1     2     1

              10    2    3    2    3    1    2    2    3    1    3     3     1     2     3     1

              11    3    3    1    2    1    1    1    1    1    2     3     3     1     3     2

              12    3    3    3    1   2    1    1    2    1   1     2     1     1     1     1

      Block   Run   x1   x2   x3   x4   x5   x6   x7   x8   x9   x10   x11   x12   x13   x14   x15

       2       1    3    1    2    3    1    1    1    2    2    2     2     3     3     3     1

               2    2    1    1    2    1    2    2    3    2    2     1     1     1     1     1

               3    1    3    1    3    2    2    1    2    1    2     1     1     3     2     3

               4    2    3    3    2    2    1    2    2    2    3     3     3     3     1     3

               5    3    2    3    3    1    2    2    1    1    3     2     3     2     2     3

               6    2    3    3    2    1    1    1    1    3    1     1     1     2     2     2

               7    3    2    2    2    2    2    1    1    2    1     3     2     2     1     1

               8    1    2    1    1    1    1    1    3    1    3     3     2     1     1     3

               9    2    1    3    1    2    2    1    3    3    3     2     3     1     3     2

              10    1    3    2    1    1    2    2    2    3    1     3     2     3     3     2

              11    3    1    2    3    2    1    2    3    1    1     1     2     1     2     2

              12    1    2    1    1    2   1    2    1    3    2    2     1     2     3     1

    Block     Run   x1   x2   x3   x4   x5   x6   x7   x8   x9   x10   x11   x12   x13   x14   x15

       3       1    1    3    1    3    2    1    2    3    2    1     2     3     2     1     2

               2    3    3    1    2    1    1    2    3    3    3     2     2     3     2     1

               3    1    1    3    3    1    1    2    1    2    1     3     1     1     3     3

               4    2    2    2    1    1    1    2    2    1    2     1     3     2     1     2

               5    3    2    2    2    2    1    2    2    3    3     1     1     1     3     3

               6    3    3    3    1    1    2    1    3    2    2     1     2     2     3     3

               7    3    1    1    1    2    2    1    2    2    3     3     1     2     2     2

               8    2    2    1    3    1    2    1    2    3    1     3     3     1     2     1

               9    1    2    3    2    2    2    1    3    1    1     1     3     3     3     1

              10    2    1    3    1    2    1    2    1    1    2     3     2     3     2     1

              11    2    3    2    3    2    2    1    1    3    2     2     2     1     1     3

              12    1    1    2    2    1   2    1    1    1    3    2     1     3     1     2
8.1.2 Appendix B: Construction and evaluation of choice design

         Block    Set     Valence        Expert        Number      Ranking            Price

           1        1    Rating_55    ExpRate=None    Number=80    Rank=not top-25    Pr=90

                         Rating_75    ExpRate=9,5     Number=80    Rank=not top-25    Pr=110

                         Rating_95    ExpRate=None    Number=80    Rank=top-25        Pr=90

                         Rating_No    ExpRate=None                 Rank=not top-25    Pr=100

           1        2    Rating_55    ExpRate=None    Number=15    Rank=top-3         Pr=110

                         Rating_75    ExpRate=5,5     Number=80    Rank=not top-25    Pr=110

                         Rating_95    ExpRate=5,5     Number=80    Rank=top-3         Pr=90

                         Rating_No    ExpRate=5,5                  Rank=top-3         Pr=110

           1        3    Rating_55    ExpRate=9,5     Number=80    Rank=top-3         Pr=100

                         Rating_75    ExpRate=9,5     Number=15    Rank=top-25        Pr=110

                         Rating_95    ExpRate=5,5     Number=15    Rank=not top-25    Pr=110

                         Rating_No    ExpRate=None                 Rank=top-3         Pr=100

           1        4    Rating_55    ExpRate=9,5     Number=80    Rank=top-25        Pr=100

                         Rating_75    ExpRate=5,5     Number=80    Rank=top-3         Pr=100

                         Rating_95    ExpRate=5,5     Number=80    Rank=top-3         Pr=110

                         Rating_No    ExpRate=9,5                  Rank=top-25        Pr=110

           1        5    Rating_55    ExpRate=5,5     Number=80    Rank=not top-25    Pr=110

                         Rating_75    ExpRate=5,5     Number=15    Rank=not top-25    Pr=100

                         Rating_95    ExpRate=9,5     Number=15    Rank=top-25        Pr=100

                         Rating_No    ExpRate=9,5                  Rank=not top-25    Pr=110

           1        6    Rating_55    ExpRate=5,5     Number=15    Rank=top-25        Pr=100

                         Rating_75    ExpRate=5,5     Number=15    Rank=not top-25    Pr=100

                         Rating_95    ExpRate=None    Number=15    Rank=not top-25    Pr=90

                         Rating_No    ExpRate=None                 Rank=top-3         Pr=90

           1        7    Rating_55    ExpRate=5,5     Number=15    Rank=top-25        Pr=100

                         Rating_75    ExpRate=9,5     Number=80    Rank=top-25        Pr=90

                         Rating_95    ExpRate=None    Number=80    Rank=top-25        Pr=100

                         Rating_No    ExpRate=9,5                  Rank=top-25        Pr=100

           1        8    Rating_55    ExpRate=9,5     Number=15    Rank=not top-25    Pr=90

                         Rating_75    ExpRate=9,5     Number=15    Rank=top-25        Pr=110

                         Rating_95    ExpRate=9,5     Number=15    Rank=top-3         Pr=100

                         Rating_No    ExpRate=5,5                  Rank=top-25        Pr=110

           1        9    Rating_55    ExpRate=5,5     Number=80    Rank=top-3         Pr=110

                         Rating_75    ExpRate=None    Number=80    Rank=top-25        Pr=90

                         Rating_95    ExpRate=9,5     Number=80    Rank=not top-25    Pr=100

                         Rating_No    ExpRate=5,5                  Rank=top-3         Pr=90

         Block    Set     Valence        Expert        Number      Ranking            Price

           1       10    Rating_55    ExpRate=9,5     Number=15    Rank=not top-25    Pr=90

                         Rating_75    ExpRate=None    Number=80    Rank=top-3         Pr=100

                         Rating_95    ExpRate=9,5     Number=80    Rank=not top-25    Pr=110

                         Rating_No    ExpRate=None                 Rank=not top-25    Pr=90

           1       11    Rating_55    ExpRate=None    Number=15    Rank=top-3         Pr=110

                         Rating_75    ExpRate=None    Number=15    Rank=top-3         Pr=90

                         Rating_95    ExpRate=5,5     Number=15    Rank=top-25        Pr=110

                         Rating_No    ExpRate=9,5                  Rank=not top-25    Pr=100

           1       12    Rating_55    ExpRate=None    Number=80    Rank=top-25        Pr=90

                         Rating_75    ExpRate=None    Number=15    Rank=top-3         Pr=90

                         Rating_95    ExpRate=None    Number=15    Rank=top-3         Pr=90

                         Rating_No    ExpRate=5,5                  Rank=top-25        Pr=90

           2       13    Rating_55    ExpRate=None    Number=15    Rank=top-25        Pr=110

                         Rating_75    ExpRate=5,5     Number=15    Rank=top-25        Pr=110

                         Rating_95    ExpRate=9,5     Number=15    Rank=top-25        Pr=110

                         Rating_No    ExpRate=None                 Rank=top-25        Pr=90

           2       14    Rating_55    ExpRate=9,5     Number=15    Rank=not top-25    Pr=90

                         Rating_75    ExpRate=5,5     Number=80    Rank=top-25        Pr=90

                         Rating_95    ExpRate=5,5     Number=80    Rank=top-25        Pr=90

                         Rating_No    ExpRate=9,5                  Rank=top-3         Pr=90

           2       15    Rating_55    ExpRate=5,5     Number=80    Rank=top-25        Pr=90

                         Rating_75    ExpRate=None    Number=80    Rank=top-3         Pr=110

                         Rating_95    ExpRate=5,5     Number=15    Rank=top-25        Pr=100

                         Rating_No    ExpRate=None                 Rank=top-3         Pr=110

           2       16    Rating_55    ExpRate=9,5     Number=80    Rank=top-25        Pr=110

                         Rating_75    ExpRate=None    Number=15    Rank=top-25        Pr=110

                         Rating_95    ExpRate=None    Number=80    Rank=not top-25    Pr=90

                         Rating_No    ExpRate=9,5                  Rank=not top-25    Pr=110

           2       17    Rating_55    ExpRate=None    Number=15    Rank=top-3         Pr=110

                         Rating_75    ExpRate=9,5     Number=80    Rank=top-3         Pr=100

                         Rating_95    ExpRate=None    Number=80    Rank=not top-25    Pr=100

                         Rating_No    ExpRate=None                 Rank=top-25        Pr=110

           2       18    Rating_55    ExpRate=9,5     Number=15    Rank=top-3         Pr=90

                         Rating_75    ExpRate=None    Number=15    Rank=not top-25    Pr=100

                         Rating_95    ExpRate=None    Number=15    Rank=top-3         Pr=100

                         Rating_No    ExpRate=9,5                  Rank=top-3         Pr=100

           2       19    Rating_55    ExpRate=None    Number=80    Rank=top-3         Pr=100

                         Rating_75    ExpRate=9,5     Number=80    Rank=top-25        Pr=100

                         Rating_95    ExpRate=9,5     Number=15    Rank=top-3         Pr=90

                         Rating_No    ExpRate=9,5                  Rank=not top-25    Pr=90

         Block    Set     Valence        Expert        Number      Ranking            Price

           2       20    Rating_55    ExpRate=5,5     Number=15    Rank=not top-25    Pr=100

                         Rating_75    ExpRate=9,5     Number=15    Rank=top-3         Pr=90

                         Rating_95    ExpRate=5,5     Number=15    Rank=not top-25    Pr=90

                         Rating_No    ExpRate=5,5                  Rank=not top-25    Pr=110

           2       21    Rating_55    ExpRate=9,5     Number=80    Rank=not top-25    Pr=110

                         Rating_75    ExpRate=5,5     Number=80    Rank=not top-25    Pr=90

                         Rating_95    ExpRate=None    Number=15    Rank=not top-25    Pr=110

                         Rating_No    ExpRate=5,5                  Rank=top-25        Pr=100

           2       22    Rating_55    ExpRate=5,5     Number=15    Rank=top-25        Pr=100

                         Rating_75    ExpRate=None    Number=80    Rank=not top-25    Pr=110

                         Rating_95    ExpRate=9,5     Number=80    Rank=top-3         Pr=110

                         Rating_No    ExpRate=5,5                  Rank=not top-25    Pr=100

           2       23    Rating_55    ExpRate=None    Number=80    Rank=not top-25    Pr=100

                         Rating_75    ExpRate=5,5     Number=15    Rank=top-3         Pr=90

                         Rating_95    ExpRate=9,5     Number=80    Rank=top-3         Pr=100

                         Rating_No    ExpRate=None                 Rank=top-3         Pr=100

           2       24    Rating_55    ExpRate=5,5     Number=80    Rank=top-3         Pr=90

                         Rating_75    ExpRate=9,5     Number=15    Rank=not top-25    Pr=100

                         Rating_95    ExpRate=5,5     Number=80    Rank=top-25        Pr=110

                         Rating_No    ExpRate=5,5                  Rank=top-25        Pr=90

           3       25    Rating_55    ExpRate=5,5     Number=80    Rank=not top-25    Pr=110

                         Rating_75    ExpRate=None    Number=15    Rank=top-25        Pr=100

                         Rating_95    ExpRate=5,5     Number=80    Rank=top-3         Pr=90

                         Rating_No    ExpRate=None                 Rank=top-25        Pr=100

           3       26    Rating_55    ExpRate=None    Number=15    Rank=not top-25    Pr=100

                         Rating_75    ExpRate=None    Number=15    Rank=not top-25    Pr=110

                         Rating_95    ExpRate=5,5     Number=80    Rank=not top-25    Pr=100

                         Rating_No    ExpRate=9,5                  Rank=top-25        Pr=90

           3       27    Rating_55    ExpRate=5,5     Number=15    Rank=top-3         Pr=90

                         Rating_75    ExpRate=5,5     Number=15    Rank=top-25        Pr=90

                         Rating_95    ExpRate=None    Number=80    Rank=top-3         Pr=110

                         Rating_No    ExpRate=None                 Rank=not top-25    Pr=110

           3       28    Rating_55    ExpRate=9,5     Number=15    Rank=top-25        Pr=110

                         Rating_75    ExpRate=9,5     Number=15    Rank=top-3         Pr=100

                         Rating_95    ExpRate=9,5     Number=80    Rank=top-25        Pr=90

                         Rating_No    ExpRate=5,5                  Rank=top-3         Pr=100

         Block    Set     Valence        Expert        Number      Ranking            Price

           3       29    Rating_55    ExpRate=None    Number=80    Rank=top-25        Pr=90

                         Rating_75    ExpRate=9,5     Number=15    Rank=not top-25    Pr=90

                         Rating_95    ExpRate=9,5     Number=80    Rank=not top-25    Pr=110

                         Rating_No    ExpRate=9,5                  Rank=top-3         Pr=110

           3       30    Rating_55    ExpRate=None    Number=15    Rank=not top-25    Pr=100

                         Rating_75    ExpRate=None    Number=80    Rank=top-25        Pr=100

                         Rating_95    ExpRate=None    Number=15    Rank=top-25        Pr=110

                         Rating_No    ExpRate=5,5                  Rank=top-3         Pr=110

           3       31    Rating_55    ExpRate=None    Number=80    Rank=top-25        Pr=90

                         Rating_75    ExpRate=5,5     Number=80    Rank=top-25        Pr=100

                         Rating_95    ExpRate=5,5     Number=15    Rank=not top-25    Pr=100

                         Rating_No    ExpRate=5,5                  Rank=not top-25    Pr=100

           3       32    Rating_55    ExpRate=9,5     Number=15    Rank=top-25        Pr=110

                         Rating_75    ExpRate=9,5     Number=80    Rank=not top-25    Pr=90

                         Rating_95    ExpRate=5,5     Number=15    Rank=top-3         Pr=100

                         Rating_No    ExpRate=None                 Rank=not top-25    Pr=90

           3       33    Rating_55    ExpRate=5,5     Number=80    Rank=not top-25    Pr=110

                         Rating_75    ExpRate=9,5     Number=80    Rank=top-3         Pr=110

                         Rating_95    ExpRate=None    Number=15    Rank=top-3         Pr=110

                         Rating_No    ExpRate=9,5                  Rank=top-3         Pr=90

           3       34    Rating_55    ExpRate=9,5     Number=80    Rank=top-3         Pr=100

                         Rating_75    ExpRate=5,5     Number=15    Rank=top-3         Pr=110

                         Rating_95    ExpRate=None    Number=80    Rank=top-25        Pr=100

                         Rating_No    ExpRate=5,5                  Rank=not top-25    Pr=90

           3       35    Rating_55    ExpRate=9,5     Number=80    Rank=top-3         Pr=100

                         Rating_75    ExpRate=None    Number=80    Rank=not top-25    Pr=90

                         Rating_95    ExpRate=9,5     Number=15    Rank=top-25        Pr=90

                         Rating_No    ExpRate=None                 Rank=top-25        Pr=110

           3       36    Rating_55    ExpRate=5,5     Number=15    Rank=top-3         Pr=90

                         Rating_75    ExpRate=5,5     Number=80    Rank=top-3         Pr=110

                         Rating_95    ExpRate=9,5     Number=15    Rank=not top-25    Pr=90

                         Rating_No    ExpRate=9,5                  Rank=top-25        Pr=100

Step 2: Test efficiency in parameter estimation for choice design 

Results Main effects model:

Final Results

Design                  1

Choice Sets            36

Alternatives            4

Parameters             10

Maximum Parameters    108

D-Efficiency       5.3200

D-Error            0.1880
Variable                                        Standard

                     n    Name           Label          Variance    DF      Error

                     1    Valence      Rating_55       0.27160     1     0.52116

                     2    Valence      Rating_75       0.27160     1     0.52116

                     3    Valence      Rating_95       0.27160     1     0.52116

                     4    Expert       ExpRate=5,5     0.22222     1     0.47140

                     5    Expert       ExpRate=9,5     0.22222     1     0.47140

                     6    Number       Number=80       0.19753     1     0.44444

                     7    Rank         Rank=top-3      0.22222     1     0.47140

                     8    Rank         Rank=top-25     0.22222     1     0.47140

                     9    Price        Pr=90           0.22222     1     0.47140

                    10    Price        Pr=110          0.22222     1     0.47140

                                                                    ==

                                                             10
Interpretation: 

Choice design shows to be efficient in estimating the main effects model parameters, since all 10 parameters show one degree of freedom (DF=1), and variances are stable and similar for all parameters with similar amount of levels. 

Results Interaction effects model:

Final Results

Design                  1

Choice Sets            36

Alternatives            4

Parameters             24

Maximum Parameters    108

D-Efficiency       1.8113

D-Error            0.5521
n    Variable Name           Label                      Variance    DF      Error

          1    Rating_55               Rating_55                   1.55556     1     1.24722

          2    Rating_75               Rating_75                   1.55556     1     1.24722

          3    Rating_95               Rating_95                   1.55556     1     1.24722

          4    Pr_90                   Pr=90                       0.22222     1     0.47140

          5    Pr_110                  Pr=110                      0.22222     1     0.47140

          6    Rating_55ExpRate_5_5    Rating_55 * ExpRate=5,5     0.88889     1     0.94281

          7    Rating_55ExpRate_9_5    Rating_55 * ExpRate=9,5     0.88889     1     0.94281

          8    Rating_75ExpRate_5_5    Rating_75 * ExpRate=5,5     0.88889     1     0.94281

          9    Rating_75ExpRate_9_5    Rating_75 * ExpRate=9,5     0.88889     1     0.94281

         10    Rating_95ExpRate_5_5    Rating_95 * ExpRate=5,5     0.88889     1     0.94281

         11    Rating_95ExpRate_9_5    Rating_95 * ExpRate=9,5     0.88889     1     0.94281

         12    Rating_NoExpRate_5_5    Rating_No * ExpRate=5,5     0.88889     1     0.94281

         13    Rating_NoExpRate_9_5    Rating_No * ExpRate=9,5     0.88889     1     0.94281

         14    Rating_55Rank_top_3     Rating_55 * Rank=top-3      0.88889     1     0.94281

         15    Rating_55Rank_top_25    Rating_55 * Rank=top-25     0.88889     1     0.94281

         16    Rating_75Rank_top_3     Rating_75 * Rank=top-3      0.88889     1     0.94281

         17    Rating_75Rank_top_25    Rating_75 * Rank=top-25     0.88889     1     0.94281

         18    Rating_95Rank_top_3     Rating_95 * Rank=top-3      0.88889     1     0.94281

         19    Rating_95Rank_top_25    Rating_95 * Rank=top-25     0.88889     1     0.94281

         20    Rating_NoRank_top_3     Rating_No * Rank=top-3      0.88889     1     0.94281

         21    Rating_NoRank_top_25    Rating_No * Rank=top-25     0.88889     1     0.94281

         22    Rating_55Number_80      Rating_55 * Number=80       0.59259     1     0.76980

         23    Rating_75Number_80      Rating_75 * Number=80       0.59259     1     0.76980

         24    Rating_95Number_80      Rating_95 * Number=80       0.59259     1     0.76980

                                                                              ==

                                                                        24
Interpretation: 

Choice design shows to be efficient in estimating the main effects model parameters, since all 24 parameters show one degree of freedom (DF=1), and variances are stable and similar for all parameters with similar amount of levels. 

8.1.3 Appendix C: Extensive Survey Design description

Survey introduction (in Dutch):

Dank voor het deelnemen aan mijn onderzoek! 

Dit onderzoek heb ik uitgezet naar aanleiding van het schrijven van mijn scriptie. Hierin verdiep ik me in de manier hoe mensen online keuzes maken bij het aanschaffen van een product of dienst. 

 Het is een leuk en uitdagend experiment geworden. Ik begrijp dat je tijd schaars is, daarom heb ik mijn best gedaan om het kort te houden. 

 Onder de deelnemers die het experiment volledig en serieus hebben afgerond verloot ik 3 keer een boekenbon of goede fles wijn naar keuze.

Met vriendelijke groet,

Olrik van Dam

Master student Marketing

Erasmus Universiteit Rotterdam

Mochten er dingen onduidelijk zijn, of heb je vragen naar aanleiding van dit experiment. Dan kan je een e-mail sturen naar: olrikvd@gmail.com
Scenario assignment (Hotel example in Dutch):

Je bent voor dit experiment uitgekozen om een hotel uit te kiezen voor een weekendje weg naar Parijs. 

Dit hotel zoek je op de (fictieve) vergelijkingswebsite Hotelvergelijker.nl. De website is een autoriteit op het gebied van hotels in Europa. Je kan hier dan ook veel hotels vinden die door een groot aantal klanten zijn beoordeelt, maar ook door de experts van Hotelvergelijker.nl.

Op de website voer je de volgende zoekopdracht uit:

· Ligging: centrum van Parijs nabij de Grands Boulevards

· Aantal sterren: 3

· Overige kenmerken: Badkamer, Kluis, WiFi, airconditioning en room service

· Periode: vr 2 april 2010 - ma 5 april 2010 (3 nachten)

· Kamer: 1, voor 2 gasten

· Prijs: tussen 350 en 450 euro

De zoekopdracht levert iedere keer 4 hotels op die aan jouw profiel voldoen. De alternatieven kunnen verschillen op:

· Prijs

· Verkooppositie op Hotelvergelijker.nl (geeft een indicatie hoe vaak het hotel is geboekt afgelopen maand)

· Gemiddelde beoordeling van klanten over dit hotel

· Aantal beoordelingen van klanten

· Beoordeling van de experts van Hotelvergelijker.nl

Iedere situatie moet jij het hotel uitkiezen waarvan je denkt dat deze het beste aanbod heeft. Je budget ligt tussen de 350 en 450 euro, maar je bent uiteraard op zoek naar de beste deal.

Zodra je een hotel hebt gekozen, klik je op verder (onderaan) om naar de volgende situatie te gaan. Succes!
Scenario design structure:
	Question:
	Type:

	Question 1
	Choice set 1

	Question 2
	Choice set 2

	Question 3
	Choice set 3

	Question 4
	Choice set 4

	Question 5
	Choice set 5

	Question 6
	Choice set 6

	Question 7 
	Dominated choice set

	Question 8
	Choice set 7

	Question 9
	Choice set 8

	Question 10
	Choice set 9

	Question 11
	Choice set 10

	Question 12
	Stability check duplication choice set 2

	Question 13
	Choice set 11

	Question 14
	Choice set 12
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Scenario question visualization (Hotel Example in Dutch):

8.1.4 Appendix D: Extensive MNL model results

Table 15: Results from the MNL model for main effects and hypothesized interaction effects

	
	Main effects model (N=242)
(-2 * Log likelihood: 4176,471, χ2=3875.13, df=13 , ρ<0,0001)
	Interaction effects model (N=242)
(-2 * Log likelihood: 4169,344, χ2=3882.25, df=17 , ρ<0,0001)

	
	Utility

(Std. Error)
	
	Utility

(Std. Error)

	Consumer =9,5 

	2.35476 ***
(0.0957)
	
	2.32297 *** 

(0.10520)

	Consumer =7,5 

	1.11035 *** 
(0.09166)
	
	1.08235 *** 

(0.09415)

	Consumer =5,5 

	-0.68462 ***

(0.11007)
	
	-0.27200 *

(0.13342)

	No consumer 

	0

	
	0


	Expert =9,5 

	2.08784 ***

(0.08957)
	
	2.13809 ***

(0.09105)

	Expert =5,5 

	-0.47105 ***

(0.08937)
	
	-0.48017 ***

(0.11448)

	No expert reviews

	0
	
	0

	Consumer=5,5*Expert=9,5

	-
	
	-0.04419
(0.19304)

	Consumer=9,5*Expert=5,5

	-
	
	0.06352

(0.15090)

	# reviews=80 

	0.33389 ***

(0.06825)
	
	0.40728 ***

(0.07438)

	# reviews=15

	0

	
	0


	Consumer=5,5*# reviews=80

	-

	
	-0.43472*

(0.18869)

	Rank=Top3 


	1.5508 ***

(0.09042)
	
	1.61891 ***

(0.09523)

	Rank=Top25 

	0.81093 ***

(0.08182)
	
	0.81025 ***

(0.08341)

	Consumer=5,5*Rank=Top3

	-
	
	-0.32146 *

(0.16283)

	Rank= Not Top 25

	0
	
	0

	Price=440 

	-1,58106 ***

(0.07642)
	
	-1.60370 ***

(0.07835)

	Price=400 

	-0.74095 ***

(0.07369)
	
	-0.72361 ***

(0.07667)

	Price=360

	0
	
	0

	Alt_1 

	-0.26879 **

(0.07904)
	
	-0.21350 ***

(0.08403)

	Alt_2 

	-0.11969 

(0.08446)
	
	-0.10469 ***

(0.08575)

	Alt_3 

	-0.07469
(0.07971)
	
	-0.06522 ***

(0.08252)

	Alt_4 

	0
	
	0

	Both models: 11616 obs.. Dummy parameters were included in both models to correct for alternative order effects. Χ2 ~ α<0,001***,  α <0,01**, α <0,05* 


Table 15: Results from the MNL model for main effects and hypothesized interaction effects

	
	Experience interaction model (N=242)
(-2 * Log likelihood: 4175,760, χ2=3883.84, df=12 , ρ<0,0001)

	
	Utility

(Std. Error)
	

	Consumer =9,5 

	2.43480 ***
(0.09783)
	

	Consumer =7,5 

	1.17188 *** 
(0.09653)
	

	Consumer =5,5 

	-0.76031 ***

(0.11614)
	

	No consumer 

	0

	

	Expert =9,5 

	2.25446 ***

(0.08782)
	

	Expert =5,5 

	-0.50810 ***

(0.08495)
	

	No expert reviews

	0
	

	# reviews=80 

	0.38439 ***

(0.06718)
	

	# reviews=15

	0

	

	Rank=Top3 


	1.58643 ***

(0.09265)
	

	Rank=Top25 

	0.82324 ***

(0.08599)
	

	Price=440 

	-0,73173 ***

(0.10488)
	

	Price=360 

	0.68674 ***

(0.09846)
	

	Price=400

	0
	

	Price=440*experience


	-0.34844 *

(0.15460)
	

	Price=360*experience 

	0.15945 

(0.14308)
	

	Both models: 11616 obs.. Estimated scale ratio: 0.887.

 Χ2 ~ α<0,001***,  α <0,01**, α <0,05* 


� Principle of Homophily: Contact between similar people occurs at a higher rate than among dissimilar people. �ADDIN RW.CITE{{75 McPherson, M. 2001}}�(McPherson, Smith-Lovin, & Cook, 2001)�
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