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prospect A. However, not all people see them as equal. For people who place more value on B 

than A (hence prefer B to A), the suggestion is that they value a certain prospect more than an 

uncertain one, and therefore that these people are risk averse. People who place more value on A 

than B (hence prefer A to B) are risk seeking. Finally, people who are indifferent to the prospects 

A and B are risk neutral. This concept, called risk attitude, establishes the difference between 

individuals in terms of their preferences towards uncertainty. Mathematically, a person’s risk 

attitude can be determined by the shape of her expected utility function (determined by x and p 

together), with a concave expected utility function representing risk averse, a convex expected 

utility function representing risk seeking, and a linear expected utility function representing risk 

neutral. Risk attitude can be interpreted as a kind of personality, which is consistent under a 

specific context. So if a person is risk averse, she will always prefer the certainty equivalent 

regardless of whether p is large or small. 

The framework of prospect theory and cumulative prospect theory. According to 

prospect theory and cumulative prospect theory, a person’s preference towards uncertainty is 

determined jointly by the value function and the weighting function. In general, a reversely S-

shaped weighting function plus a concave-shaped value function for gains leads to uncertainty-

seeking behavior for gaining a prize of small probabilities and uncertainty-averse behavior for 

gaining a prize of large probabilities. The same shape of weighting function plus a convex-

shaped value function for losses leads to uncertainty-averse behavior for losing at small 

probabilities and risk-seeking behavior for losing at large probabilities. 

Other frameworks for decisions under uncertainty. Einhorn and Hogarth (1985,1986) 

propose a pattern similar to that found in prospect theory. They assume that people are generally 

defensive pessimistic about gaining something: they will overweight small probabilities and 
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underweight moderate to large probabilities. Hence, they display risk-averse behavior for gaining 

at small probabilities and risk-seeking behavior for gaining at moderate and large probabilities. 

Kahn and Sarin (1988) do not directly describe the behavior of the majority under 

uncertainty; however, they advocate the idea that a person’s preference towards uncertainty can 

vary with  ̅.In other words, a person’s preference towards uncertainty can depend on the 

expected probability that event E will happen. A simple way of incorporating such a variation of 

preference into their model is to allow a person’s attitude towards uncertainty λ to be a linear 

function of  ̅. As a result, the first-order approximation of their model can be rewritten as 

follows: 

      ̅       ̅   

Expected utility theory acknowledges the differences across individuals in terms of 

preference towards uncertainty; however, that preference should be consistent within an 

individual and independent of the probability of obtaining an outcome. In contrast, behavior 

theories propose that even within an individual, a change in preference towards uncertainty may 

occur, depending on the level of stated probability   . 

 

HYPOTHESES DEVELOPMENT 

In this section, I develop the proposition regarding consumer heterogeneity, and propose 

the influences of review volume and valence for different consumers. 

 

Online Purchase Decision: Willingness to Pay (WTP)  

Assume that the reference point of a consumer before purchasing a product with 

monetary value V from an online seller is 0. The purchase can be simplified to a two-outcome 

prospect: a consumer is either being satisfied by the seller or not, where the value of being 
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satisfied is gaining V and the value of being not satisfied is 0. Let p denote the true probability 

that a consumer will be satisfied by the online seller for the transaction. The purchase decision in 

terms of willingness to pay can be represented as how much the consumer is willing to pay to 

purchase the prospect (V, p; 0, 1-p). Assuming that when determining the price of a prospect, 

people tend to evaluate the outcome (V, p; 0, 1-p) and cost (-WTP, 1) separately (Kahneman and 

Tvresky, 1979), the maximum willingness to pay (WTP) will be determined as 

v(V, p; 0, 1-p) + v(-WTP) = 0 

Seller review information is presented as the probability of gaining the product and being 

satisfied by the seller, so the framing of a bidirectional seller review is a gaining framing. The 

basic idea behind seller reviews is that a consumer does not know the true probability p that she 

will be satisfied by the seller and can only use a sample to estimate p. Previous customers who 

provide reviews about a seller form a sample of the population (all customers of that seller). A 

bidirectional review system entails that the sample follows a binomial distribution; the review 

volume N is the size of the sample; the review valence   , the percentage of positive reviews, is 

the sample mean; and the estimator of p,
        

 
,is the variance of the sample mean  (Wu and 

Gaytan, 2010). According to prospect theory and cumulative prospect theory, the price a 

consumer is willing to pay is then determined by the subjective value of the prospect (V, p ; 0, 1-

p ) as perceived by that consumer. 

        [                          ]      [            ]  

where              , and w(  ) is an increasing function of    

As the main focus of the current research is the weighting function, which previous 

studies have theorized is the source of reversed preference towards uncertainty for gains with 

different probabilities, I will set the value V at a constant level and examine a consumer’s 

preference towards uncertainty using the weighting function w(  , N). 
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Proposition: The Shape of Weighting Function w(  , N) 

As discussed earlier, previous research (Wu and Ayala, 2012; Wu et al., 2012) developed 

using the framework of expected utility theory assumes that uncertainty preference only differs 

across individuals. While behaviorists argue that people tend to have reverse preferences towards 

uncertainty for gains of small probability and for gains of large probability, List (2004) finds that 

in the marketplace, prospect theory explains the behavior of inexperienced consumers well. 

However, consumers with greater market experience tend to conform to the predictions of classic 

expected utility theory. In market like eBay, where variety exists among consumers, it is 

reasonable to expect to observe the behavioral patterns predicted by both frameworks. I extend 

the previous research by allowing the differences in preference towards uncertainty to exist not 

only across individuals, but also within an individual (at least for some consumers). So, the 

assumption is that there is heterogeneity of consumers in the shapes of the weighting function. 

First, there are consumers who consistently overweight or underweight all probabilities. For 

these consumers, their preference towards uncertainty can be described by the risk attitude of 

expected utility theory. Specifically, if a consumer consistently overweights all probabilities (a 

concave-shaped weighting function), then she is a risk-seeking person; if a consumer 

consistently underweights all probabilities (a convex-shaped weighting function), then she is a 

risk-averse person; and if a consumer neither overweights nor underweights any probability (a 

linear weighting function), then she is a risk-neutral person. Second, there are consumers who do 

not consistently overweight or underweight probabilities. As discussed before, a reversely S-

shaped weighting function has been proposed under the assumption that people are generally 

defensive pessimistic about gains (Einhorn and Hogarth, 1985,1986). I relax this restriction, 

allowing consumers to have a weighting function that is S-shaped. Consumers who underweight 

small probabilities and overweight large probabilities have weighting functions with an S shape, 
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and consumers who overweight small probabilities and underweight large probabilities have 

weighting functions with a reversed S shape.  For consumers with either an S-shaped or reversely 

S-shaped weighting function, there exists a cross-over point (Einhorn and Hogarth, 1985, 1986) 

where w(  , N) =   . 

Proposition. A consumer’s weighting function is  

a. concave if she overweights all probabilities. 

b. convex if she underweights all probabilities. 

c. linear if she neither overweights nor underweights any probability. 

d. S-shaped if she underweights small probabilities and overweights large 

probabilities. 

e. reversely S-shaped if she overweights small probabilities and underweights large 

probabilities.  

 

Hypothesis 1: The Impact of Seller Review (SR) Valence (p’) on Willingness to Pay 

Review valence is the stated probability obtained from a sample and is used to estimate 

the true probability of obtaining outcome v(V). Consistent with the underlying assumption of 

previous behavioral studies that the weighting function should be an increasing function of the 

stated probability, the weighting function w(  , N) should be an increasing function of review 

valence   . Hence the impact of review valence    on WTP should be positive for all consumers. 

H1.  For a seller with a higher SR valence (  ), a consumer is willing to pay a higher 

price regardless of the shape of the consumer’s weighting function. 
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Hypothesis 2: The Impact of Seller Review Volume (N) on Willingness to Pay 

Review volume N is the size of the sample from which review valence    is obtained. The 

larger N is, the smaller the magnitude of overweighting/underweighting. As a result, the impact 

of review volume on WTP depends on whether a consumer overweights or underweights the 

review valence. For consumers who consistently overweight or underweight probabilities, the 

impact of review volume on WTP is consistent, either negative, positive, or insignificant. For 

consumers who do not consistently overweight/underweight, the impact of review volume N is 

determined by the shape of a consumer’s weighting function and by the level of review valence, 

specifically, whether valence is below or above the cross-over point. 

H2. For a seller with a higher SR volume (N), a consumer is willing to pay 

a. a lower price if the consumer has a concave-shaped weighting function.  

b. a higher price if the consumer has a convex-shaped weighting function.  

c. an equal price if the consumer has a linear-shaped weighting function.  

d1. a higher price if the consumer has an S-shaped weighting function and the SR 

valence (  ) is below the cross-over point.  

d2.  a lower price if the consumer has an S-shaped weighting function and the SR 

valence (  ) is above the cross-over point.  

e1.  a lower price if the consumer has a reversely S-shaped weighting function and the 

SR valence (  ) is below the cross-over point.  

e2.  a higher price if the consumer has a reversely S-shaped weighting function and the 

SR valence (  ) is above the cross-over point.  

The overall conceptual framework is shown below. 
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Figure 2.5 Conceptual Framework 

 

 

AN EXPERIMENTAL STUDY 

Study Design 

Subjects are asked to consider a purchase scenario in which they are about to purchase a 

42” LCD TV on a website. The TV is sold at local retail stores for $800. On the website, there 

are multiple sellers selling the new TV and the website provides reviews for each seller. Seller 

review has a bidirectional format, as shown below. 

The review volume has three levels: 20, 50, and 200, and the review valence has eleven 

levels: 0%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90%, and 100%. Each subject was 

provided with 33 seller profiles having different combinations of levels of volume and valence. 

Four versions of the survey were developed to counterbalance the order in which volumes and 

valences were shown to the subjects. 

 

Data Collection Procedure 

One-hundred forty-three business-school students at a southern public university were 

recruited for the study. Each subject was randomly assigned to one of the four versions of the 

survey. Subjects were asked to provide the maximum price they were willing to pay each seller 

SR Valence ( p’ ) 

SR Volume ( N ) 

Weighting Function ( w(p’, N) ) 

Willingness to Pay ( WTP ) 

P 

H1 

H2 
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for the product; the lowest price they could pay was $0. Three seller profiles appeared twice in 

the survey to test the inner reliability of the answers provided by each subject. These profiles 

were (20, 50%), (50, 50%), and (200, 50%), and appeared in the middle and then the end of the 

survey. 

 

Figure 2.6 Experiment Study Design Snapshot 

 

 

Analyses 

Internal reliability. Internal reliability was assessed on the repeated seller profiles using 

the Pearson Correlation test. Subjects with a Pearson Correlation value below 0.8 were removed 



54 
 

from the dataset. For subjects who could not be tested using Pearson Correlation because they 

had the same reported WTP for different sellers, the pattern of reported WTP based on review 

volume was observed. Subjects with dramatic pattern changes, such as a reversed preference on 

review volume between the test and re-test sets, were removed from the dataset. 

Assess the shape of weighting function. The following model was used to estimate the 

weighting function for each subject: 

                        
        

 
 

where a, b, and c are parameters, and i represents the i
th

 individual 

Because product value is set at a constant level, I use an intercept, c, to capture the 

deviation of the subjective product value from the objective product price. 

The weighting function combines ideas from Kahn and Sarin (1988) and Einhorn and 

Hogarth (1985, 1986), adopting the form used by Kahn and Sarin (1988). Both studies state that 

the sample variance of random variable p’ will positively impact the magnitude of uncertainty. 

Einhorn and Hogarth (1985, 1986) also propose that magnitude is negatively associated with 

factors such as sample size and source credibility. As source credibility is not the focus of my 

dissertation, my weighting function model is only a function of sample variance          and 

sample size N. The term         describesa subject’s attitude towards uncertainty as a function 

of p’, which allows the attitude to change at different levels of p’. 

A slight modification was made without changing the properties of the function shapes. I 

use sample variance instead of standard deviation, used by Kahn and Sarin (1988). I chose this 

model specification for several reasons. First, the model directly incorporates the variables in 

which I am interested into the estimating weighting function. Second, the model can 

accommodate all five types of shapes. Lastly, using variance, the shape of the weighting function 
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can be directly determined by the estimates of parameters a and b. Subjects with the same shape 

of weighting function were then grouped together. For the S-shaped and reversely S-shaped 

weighting functions, the cross-over point is 
  

  
. Table 2.3 below shows how to use estimates of 

a and b to determine the shape of the weighting function for each subject. 

Table 2.3 Estimation of the Shape of Weighting Function 

Group  w(p) Shape  Description  Parameters  

1  Concave  Overweight all probabilities 

b=0 and a<0,  

b>0 and a/b≤ -1,  

b<0 and a/b≥ 0 

2  Convex  Underweight all probabilities 

b=0 and a>0,  

b>0 and a/b≥ 0,  

b<0 and a/b≤ -1 

3  Linear  Neither underweight nor overweight probabilities a = 0 and b = 0  

4  S-Shaped  
Underweight small probabilities 

Overweight large probabilities 
b < 0 and -1< a/b < 0  

5  
Reversely  

S-Shaped 

Overweight small probabilities 

Underweight large small probabilities 
b > 0 and -1 < a/b < 0 

 

Assess the impact of seller review valence and volume. The impact of SR valence and 

SR volume on WTP were assessed at the group level. For each group, formed by the shape of the 

weighting function, a linear regression was performed to test the impacts of valence and volume. 

I used a linear-log function because it was used in previous empirical research to test the 

relationship between seller reputation and price (Ba and Pavlou, 2002; Melnik and Alm, 2002; 

Lucking-Reiley et al., 2007; Huang et al., 2011).The main reason for using a linear-log as 

opposed to a linear function is that it can capture the diminishing return of reputation on price as 

the seller reputation increases (Livingston, 2005; Obloj and Capron, 2011). For the S-shaped and 

reversely S-shaped weighting function groups, separate linear regressions were used to fit the 

data that fell below or above the cross-over point. 
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   (      )                                   

where i identifies the i
th

 individual, j represents the j
th

 group, and k denotes below or above cross-

over point. 

 

Results 

Internal reliability. Twenty-eight of the one-hundred forty-three students did not pass 

the internal reliability test and hence were removed from the original dataset. Examples of 

answers from those subjects are shown in Figure 2.7. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.7 Examples of Subjects Removed from the Data 
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The shapes of weighting function. All five groups of weighting function shapes were 

identified, supporting the proposition. For those subjects who consistently 

overweight/underweight all probabilities, 10 subjects have concave-shaped weighting functions 

corresponding to a risk-seeking attitude, 7 have convex-shaped weighting functions 

corresponding to a risk-averse attitude, and 22 subjects have linear-shaped weighting functions 

corresponding to a risk-neutral attitude. For those subjects who do not consistently 

overweight/underweight probabilities, 25 have S-shaped weighting functions and 51 have 

reversely S-shaped weighting functions. The plots of weighting functions by groups are provided 

in Figure 2.8. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.8 Plot of Weighting Functions at Group Levels 
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The impact of seller review valence and volume. R-square at the group level ranges 

from .206 for the linear weighting function group to .505 for the S-shaped weighting function 

group above the cross-over point. Supporting H2, the SR valence has a positive impact on WTP 

(p-value = .000) for all groups. 

As expected, the impact of SR volume on WTP varies across groups. For the concave 

group, SR volume has a negative impact on WTP (βN= –1.005 with significance at .000).For the 

convex group, SR volume has a positive impact on WTP (βN= .296 with significance at .059).For 

the linear group, SR volume has no impact on WTP (βN= –.194 with significance at .139).For the 

S-shaped group, SR volume has no impact on WTP(βN= –.027 with significance at .874) below 

the cross-over point, which is not consistent with the hypothesis, but the impact of SR volume is 

consistent with the hypothesis above the cross-over point (βN= –.184 with significance at 

.015).For the reversely S-shaped group, SR volume has a negative impact on WTP below the 

cross-over point (βN= –.542 with significance at .000) and a positive impact above the cross-over 

point(βN= .107 with significance at .030). In general, all hypotheses are supported excepted for 

the impact of SR volume on WTP for the S-shaped group when the SR valences are below the 

cross-over point. The detailed results are shown in Table 2.4. 

 

DISCUSSION 

The results from the experimental study provide relatively strong support for the 

hypotheses. First, the data confirm that the impact of seller review volume on WTP not only 

varies across individuals, as maintained by previous research, but also, for some consumers, 

within an individual depending on the level of review valence. Second, the impact of review 

volume on WTP is much more complex than previously proposed, because a consumer can  
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Table 2.4 The Impact of Online Reviews on Consumers’ WTP 

  Coefficient Std. Error t-Stat p-value Hypothesis 

1. Concave Group (overweight) 

 Log(N) -1.005 0.175 -5.748 0.000 Support 

 Log(p’) 0.834 0.110 7.608 0.000 Support 

 R-square 0.386     

 Student # 10     

2. Convex Group (underweight)    

 Log(N) 0.296 0.155 1.905 0.059 Marginal Support 

 Log(p’) 2.937 0.358 8.211 0.000 Support 

 R-square 0.498     

 Student # 7     

3. Linear Group (neither underweight nor overweight) 

 Log(N) -0.194 0.131 -1.481 0.139 Support 

 Log(p’) 1.387 0.148 9.381 0.000 Support 

 R-square 0.260     

 Student # 22     

4. S-Shaped Group 

Below cross-over point (underweight)    

 Log(N) -0.027 0.168 -0.158 0.874 Not Support 

 Log(p’) 1.207 0.181 6.651 0.000 Support 

 R-square 0.324     

Above cross-over point (overweight)    

 Log(N) -0.184 0.076 -2.440 0.015 Support 

 Log(p’) 2.055 0.343 5.998 0.000 Support 

 R-square 0.285     

 Student # 25     

5. Reversely S-Shaped Group    

Below cross-over point (overweight)    

 Log(N) -0.542 0.081 -6.717 0.000 Support 

 Log(p’) 0.359 0.045 8.044 0.000 Support 

 R-square 0.405     

Above cross-over point (underweight)    

 Log(N) 0.107 0.049 2.173 0.030 Support 

 Log(p’) 2.591 0.195 13.276 0.000 Support 

 R-square 0.505     

 Student # 51     

With dummy variables for individuals 

 

overweight/underweight small/large probabilities or have a reversed pattern. Hence, the 

influence of volume on WTP can exhibit different patterns among consumers. 
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In the next essay, I assess the external validity of the framework. I have collected 

transactional data for Playstation 2 game consoles sold on eBay.com. I expect that the analysis of 

the empirical data will be much more difficult. Specifically, some covariate variables may need 

to be controlled. Therefore, additional information related to transactions will be recorded, such 

as the feedback score (review valence) for consumers who provide reviews to sellers, the time 

during the day at which the auction ends, the shipping options and other services provided by the 

seller, and so on. In contrast to the experimental data, it is also difficult to obtain multiple 

instances of data at the individual level to empirically assess the shape of the weighting function 

for each individual. Therefore, I plan to conduct my analyses at the segment level. First, 

consumers can be classified into the different groups using a finite mixture regression model. 

Second, the linear regression will be performed for each group just as it was for the experimental 

data. I demonstrate the technique of separating latent consumer groups with the proposed 

weighting function model, and present the results of the hypotheses testing for each group. 
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ESSAY THREE. ONLINE REVIEWS AND CONSUMERS WILLINGNESS 

TO PAY: AN EMPIRICAL INVESTIGATION 

 

INTRODUCTION 

Motivation 

Websites like eBay heavily depend on their review systems to build trustworthy 

marketplaces. However, as discussed in Essay One, we still lack clear evidence concerning how 

consumers use reviews in their purchase decisions for these markets. Many studies examine 

ratings that combine review volume and review valence, for example, the “Feedback Score” 

provided by eBay, but these studies have produced mixed results. To understand the role of 

reviews in consumers’ decision-making processes, it is very important to look at the influence of 

review valence and review volume separately, the possible interaction between them (Khare et 

al., 2011; Park et al., 2012), and consumer heterogeneity related to online reviews (Sun, 2012; 

Wu and Ayala, 2012) 

In Essay Two, I proposed that heterogeneity exists among consumers when using seller 

review information to determine willingness to pay. As a result, there are different interaction 

patterns between review valence and review volume. While seller review valence should always 

positively influence consumers’ willingness to pay, review volume varies among consumers, and 

the preference towards review volume can be described by a consumer’s weighting function. 

Combining classic expected utility and prospect theory frameworks, I proposed five shapes of 

weighting functions: concave, convex, linear, S-shaped, and reversely S-shaped. In an 

experimental study, I suggested that the preference towards review volume can be very complex. 

Not only can consumers have totally opposite preferences towards review volume, for some, 
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their preferences also can change according to review valence. My hypotheses are summarized in 

Table 3.1. 

Table 3.1 Summary of Hypotheses 

Group 

Weighting 

Function 

Shape 

Description 

H1. Impact of 

Review Valence 

p’ on WTP 

H2. Impact of 

Review Volume  

N on WTP 

1 Concave Overweight all probabilities +   

2 Convex Underweight all probabilities + + 

3 Linear 
Neither underweight nor 

overweight probabilities 
+ No impact 

4 S-Shaped 

Underweight small 

probabilities; 

Overweight large probabilities 

+ 

+ 

Below cross-over point 

− 

Above cross-over point 

5 
Reversely  

S-Shaped 

Overweight small 

probabilities; 

Underweight large small 

probabilities 

+ 

− 

Below cross-over point 

+ 

Above cross-over point 

 

There are several important considerations that motivate my empirical study. First, 

testing my theory in online markets is the common approach for establishing its external validity, 

and thus the relevance of my proposed theory for managerial implications. Second, online 

markets differ from a lab setting in many aspects. Consumers have different decision goals and 

processes; furthermore, seller reviews pose different and more challenging distributions. For 

example, the majority of sellers have review valences close to 100%. On one hand, studies find 

that people are biased when they process review information, placing more emphasis on review 

valence and underweighting review volume (Wolf and Muhanna, 2011). On the other hand, 

because of the large number of high review valences, it becomes less effective in separating good 

sellers from bad; hence, its impact on price premium becomes less significant (Bockstedt and 

Goh, 2011). Third, researchers often observe only a few transactions for a given time window. 
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This approach requires different statistical techniques for constructing variables and analyzing 

data than those used in my lab setting, which I will elaborate later in this essay. 

To provide insightful managerial implications, it is important to test whether the 

proposed heterogeneity exists in the real online market, and thereby establish the external 

validity of the framework. Thus, I will test my hypotheses with online transaction data collected 

from eBay.com. As discussed in Essay Two, it may be difficult to estimate a consumer’s 

weighting function individually when the data lacks sufficient observations from a single 

consumer. Also, to accommodate consumer differences and at the same time achieve economic 

efficiency, marketing strategies and activities are often directed toward segments rather than 

individuals. Hence, for online transactional data, it is more practical to test hypotheses atthe 

group level. Consistent with the method used in Wu and Ayala (2012), I will first use a finite 

mixture regression model to segment consumers based on their weighing functions and then test 

the hypotheses for each group. 

This essay contains the following sections. First, I introduce the method, finite mixture 

regression models, which allows me to simultaneously classify observations into groups using 

the weighing function model and estimate the parameters for each group. Second, I describe a 

simulation study that demonstrates the ability of finite mixture regression models to identify the 

underlying true weighting functions of different groups. Third, I explain my adoption of this 

method to test the hypotheses with online transaction data. Last, I discuss the study results and 

future research. 

 

Method 

For decades, marketers have used finite mixture regression models, also known as latent 

class regression models (DeSarbo and Cron, 1988), to identify different segments of consumers 
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whose preferences for marketing information vary. Finite mixture regression models,under the 

maximum likelihood framework, use the expectation-maximization (EM) algorithm to segment 

observations into different groups and provide maximum likelihood estimates for model 

parameters for each group. Based on Frühwirth-Schnatter (2006) and Leisch (2004), the 

definitions and principles of finite mixture regression models are explained below.
1
 

A random variable Y is sampled from a population comprised of K subgroups (usually 

called components), but group indicators not recorded. All group densities come from the same 

parametric distribution family with density f(θ), where parameter θ differs across groups. Then 

the conditional density of Y can be shown as below: 

   |     ∑  

 

   

   |      

where     , ∑      
   ,                      , h is the conditional density of 

y, x is a vector of independent variables, πk(also called weight distribution) is the prior 

probability of component k, θk is the component-specific parameter vector for the density 

function f, and   is the vector of all parameters.  

The posterior probability that an observation belongs to component j is specified below. 

Data can then be segmented by assigning each observation to the component with the maximum 

posterior probability.  

   |       
     |     

∑       |     
 

The log-likelihood of a sample of N observations is given by the equation below. Because 

the posterior probability usually cannot be estimated directly, the EM algorithm is used to obtain 

maximum likelihood estimates of the parameters. 
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     ∑        |      

 

   

∑   

 

   

 ∑      |       

 

   

 

The EM algorithm can be used to compute maximum likelihood estimates for incomplete data 

for which the group indicator is missing. Each iteration of the EM algorithm involves an 

expectation step (E-step) followed by a maximization step (M-step) (Dempster et al., 1977). 

E-step estimates the posterior probability for each observation: 

 ̂      |       ̅  

and updates prior probability for each component: 

 ̂   
 

 
∑  ̂  

 

   
 

M-step uses the posterior probabilities of each observation as weights for calculating the 

maximum likelihood estimate for each component: 

     
∑        |      

       

 

The iteration is repeated until likelihood improvement falls below a pre-specified value or the 

iteration reaches a maximum number. 

In the next section, I explain how a finite mixture regression model was used to separate 

subjects from simulated samples. The “Flexmix” package (Leisch, 2004) designed for R software 

was used to apply the finite mixture regression model. 

 

A SIMULATION STUDY 

The purpose of the simulation is to assess the ability of the finite mixture model to 

separate subjects with different weighting functions. The proposed theoretical model for 

measuring a subject’s attitude weighting function is shown below: 



66 
 

   

 
    

        

 
  

         

 
 

where WTP is the willingness to pay, V is the product value, p’ is seller review valence, and N is 

seller review volume. This model can be fitted regularly as a polynomial regression. However, 

only three parameters, a, b, and c, need to be estimated; therefore, I used a linear instead of a 

polynomial regression, as shown in the equation below. 

                        
         

 
     

          

 
 

As in Essay Two, the shape of the weighting function is determined by the estimations of 

parameters a and b, as shown in Table 2.3.For groups 4 and 5, the cross-over point is determined 

by –a/b. 

 

Simulation Data 

In this section, I discuss the data used for the simulation. 

Data generation. I used the following steps to generate data for each variable: 

Review valence p’: a random variable that follows a uniform distribution between 0 and 1 

Review number N: a random variable that follows a uniform distribution between 1 and 

2,000 

Product value V: $800.00 

Error ε: a random variable that follows a standard normal distribution 

Sample size. In Essay Two, I proposed that there are five types of weighting functions. 

For this simulation, I generated 500 observations for each group; hence the total sample size of 

the simulated data is 2500.  

Parameters. The parameters for each group are shown in Table 3.2. 
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Table 3.2 Summary of Simulated Parameters 

Group Shape 
Parameters 

c a b 

1 Concave 0 20 0 

2  Convex 0 20 0 

3  Linear 0 0 0 

4  S-Shaped* 0 20 40 

5  Reversely S-Shaped* 0 20 40 

*The cross-over point for both S-shaped and reversely S-shaped groups is 0.5. 

 

 

Testing Scheme 

I created five subsets of the simulated data. Subset 1 contained subjects from group 3; 

subset 2 contained subjects from groups 2 and 3; subset 3 contained subjects from groups 1, 2, 

and 3; subset 4 contained subjects from groups 1, 2, 3, and 4; and the last subset, 5, contained all 

of the subjects in the simulated data. The composition of each subset is shown in Table 3.3.  

Table 3.3 Summary of Subsets of Simulated Data 

Subset Groups included in the data Size 

1 Group 3 500 

2 Group 3, Group 2 1000 

3 Group 3, Group 2, Group 1 1500 

4 Group 3, Group 2, Group 1, Group 4 2000 

5 Group 3, Group 2, Group 1, Group 4, Group 5 2500 

 

A finite mixture regression model was applied to each subset to estimate the parameters 

for that subset. 

 

Results 

The finite mixture regression model generated multiple models with different numbers of 

components. Under the maximum likelihood framework, Akaike Information Criteria (AIC) 
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(Akaike, 1974) can be used to choose the best model. As shown below, AIC accounts for both 

likelihood and model complexity.  

              

where L is the likelihood function of the model and d is the number of parameters in the model. 

For each subset, the model with the minimum AIC value was selected. For the first four 

subsets, the finite mixture regression model successfully identified the number of groups 

embedded in the data. For subset 5, the finite mixture regression model identified six groups 

instead of five; the extra group, however, had a very small size of 8 observations. See Table 3.4. 

Table 3.4 Summary of Selected Models from Each Subset 

Subset Data Component Log Likelihood d.f. AIC 

1 G3 1 713.5234 4 1435.047 

2 G3, G2 2 1758.183 9 3534.366 

3 G3, G2, G1 3 3031.585 14 6091.170 

4 G3, G2, G1,G4 4 4106.782 19 8251.564 

5 G3, G2, G1,G4, G5 6 5210.928 24 10469.860 

 

Parameter estimation. For each subset, the parameters estimated for each group are 

shown in Table 3.5. The finite mixture regression model successfully identified all of the groups, 

and for each group, the estimates were very close to the true value of the parameters. For subset 

5, the finite mixture regression model generated6 components; the extra component, component 

4, belonged to group 4. Furthermore, the estimates of component 4 were different from the true 

parameters of group 4. Again, the extra component only had 8 observations, and this result 

probably was due to random errors. 

Hit ratio. The hit ratio for each subset is shown below. When the data contained only one 

group, the finite mixture regression model correctly identified the group. As one group at a time 

was added to the data, the overall hit ratio decreased from 100% to 56.92%. 
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Table 3.5 Parameter Estimations for Simulated Data 

Data Component Size Group  Coefficient Std. Error Z Value P 

G3 1 500 G3 
Xa 0.075 0.079 0.954 0.340 

Xb 0.151 0.155 0.975 0.329 

G3, G2 

1 474 G3 
Xa 0.085 0.076 1.110 0.267 

Xb 0.168 0.150 1.121 0.263 

2 526 G2 
Xa 19.978 0.068 294.661 0.000 

Xb 0.020 0.186 0.110 0.912 

G3, 

G2, G1 

1 493 G1 
Xa 19.960 0.077 259.538 0.000 

Xb 0.112 0.150 0.744 0.457 

2 522 G2 
Xa 19.978 0.067 296.825 0.000 

Xb 0.020 0.184 0.106 0.915 

3 485 G3 
Xa 0.079 0.071 1.120 0.263 

Xb 0.158 0.139 1.140 0.254 

G3, 

G2, 

G1, G4 

1 483 G4 
Xa 19.988 0.066 301.679 0.000 

Xb 39.987 0.129 311.025 0.000 

2 568 G2 
Xa 19.980 0.066 300.862 0.000 

Xb 0.027 0.182 0.148 0.882 

3 454 G3 
Xa 0.070 0.072 0.967 0.333 

Xb 0.150 0.142 1.055 0.291 

4 495 G1 
Xa 19.964 0.077 260.096 0.000 

Xb 0.104 0.150 0.692 0.489 

G3, 

G2, 

G1, 

G4, G5 

1 554 G1 
Xa 19.959 0.078 257.394 0.000 

Xb 0.115 0.151 0.759 0.448 

2 378 G5 
Xa 19.928 0.126 157.718 0.000 

Xb 39.838 0.247 161.320 0.000 

3 245 G3 
Xa 0.062 0.084 0.728 0.466 

Xb 0.134 0.164 0.816 0.414 

4 8 G4 
Xa 0.507 0.092 5.505 0.000 

Xb 0.547 0.148 3.691 0.000 

5 656 G2 
Xa 19.977 0.068 294.868 0.000 

Xb 0.015 0.186 0.080 0.936 

6 659 G4 
Xa 19.988 0.064 310.890 0.000 

Xb 39.988 0.123 324.673 0.000 

 

However, in comparison with the hit ratio of random assignment of subjects to groups, 

the advantage of the finite mixture regression model became more salient as the number of 

groups increased. When the data included all five groups, the hit ratio of the finite mixture 

regression model was almost three times that of the hit ratio of random assignment. 
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Table 3.6 Hit Ratios of Selected Models  

Data Group Component Hit Ratio 

G3 

 G1 G2 G3 G 4 G5  

G1       

G2       

G3   500   100% 

G4       

G5       

Overall      100% 

G3, G2 

 G1 G2 G3 G 4 G5  

G1       

G2  441 59   88.20% 

G3  85 415   83.00% 

G4       

G 5       

Overall      85.60% 

G3,G2,G1 

 G1 G2 G3 G 4 G5  

G1 416 15 69   83.20% 

G2 14 432 54   86.40% 

G3 63 75 362   72.40% 

G4       

G5       

Overall      80.67% 

G3,G2,G1,G4 

 G1 G2 G3 G4 G5  

G1 388 16 48 48  77.60% 

G2 8 406 29 57  81.20% 

G3 46 66 267 121  53.40% 

G4 53 80 110 257  51.40% 

G5       

Overall      65.90% 

G3,G1,G2,G4,G5 

 G1 G2 G3 G 4 G5  

G1 371 24 10 61 34 74.20% 

G2 7 395 7 71 20 79.00% 

G3 43 63 154 154 86 30.80% 

G4 55 84 42 292 27 58.40% 

G5 78 90 32 89 211 42.20% 

Overall      56.92% 
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Table 3.7 Comparison of Finite Mixture Regression Model and Random Assignment 

Data 
Hit Ratio of 

Finite Mixture Regression Model 

Hit Ratio of 

Random Assignment 

G3 100.00% 100.00% 

G3, G2 85.60% 50.00% 

G3, G2, G1 80.67% 33.33% 

G3, G2, G1, G4 65.90% 25.00% 

G3, G2, G1, G4, G5 56.92% 20.00% 

 

Discussion 

The simulation study shows that the finite mixture regression model was very effective at 

separating subjects into different groups and identifying the true parameters of each group. As 

the number of underlying groups increased, the method became even more superior. 

At the same time, I acknowledge the challenges of using a finite mixture regression 

model in this particular case. First, the regression model is complex, as shown by the hit ratio, 

which dropped dramatically as the model’s complexity increased. When a quadratic term was 

introduced to the model by adding the convex group (G2) to the linear group (G3), the hit ratio 

dropped about 15%, from 100% to 85.6%. Also, when a cubic term was introduced to the model 

by adding the S-shaped group (G4), again, the hit ratio dropped about 15%, from 80.67% to 

65.9%. However, if the model already contained a quadratic or cubic term, adding another term 

of the same power (G1 and G5) led to much smaller decreases in hit ratio. Second, for my 

simulation data, I generated review valences based on a uniform distribution; however, as 

discussed in the previous section, samples drawn from eBay usually have high review valences. 

Sellers who have low review valences either exit the market or change their IDs and rebuild their 

review profile (Lin et al., 2006; Abbasi et al., 2008). Such a skewed distribution of review 

valences limits the ability of the finite mixture regression model to identify the true underlying 

parameters. 
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AN EMPIRICAL STUDY 

eBay’s Review System 

eBay’s rating system has gone through several changes since it was introduced. At the 

time the data for this study was collected, eBay’s review system worked in the following way: A 

buyer could submit feedback to a seller after each transaction; the feedback could be positive, 

neutral, or negative. eBay then provided a statistical summary for each member. The “Feedback 

Score” equaled the number of positive minus the number of negative reviews. The “Positive 

Feedback Percentage” was the number of positive reviews divided by the sum of positive and 

negative reviews a member had received in the last 12 months. Both numbers were displayed by 

the member’s login ID, so when a buyer reviewed the auction, she could see the statistics on the 

same page as the product information. If she clicked the link to visit the seller’s profile page, she 

could view additional information, including the number of positive, neutral, and negative 

reviews that the seller had received in the past 1, 6, and 12 months; the ratings of the seller for 

criteria such as communication and shipping time; and detailed comments left by previous 

customers along with the product they purchased from this seller. 

 

Data Collection 

I collected transaction data for anew PlayStation 2 sold on eBay between September and 

November in 2009. The PlayStation 2 was sold for $299 dollars, and the offline list price did not 

change during the period of data collection. For each auction, I collected the description of the 

product; auction information such as shipping policy, return policy, payment policy, etc.; bidding 

history; and seller profile. Originally, 678 observations were collected; however, some were 

removed from the data for various reasons. First, some auctions did not result in sales, which led 

to invalid transactions. Second, some sellers had reviews that were 100% positive, because the 
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positive percentage was calculated based on reviews left within a year. Relying on reviews 

submitted within a year to calculate the positive percentage significantly increased the proportion 

of sellers with 100% positive responses. To reduce this bias, I removed the observation if a 

seller’s positive percentage was 100% but her most recent 200 reviews were not uniformly 

positive. Third, some sellers had 100% positive reviews, but had never sold an item on eBay 

before, accumulating all of their positive reviews from previous purchases on eBay. Research 

has shown that reviews for a seller’s purchase behavior do not influence purchase price (Zhang, 

2006); hence I removed the observation if a seller had never sold a product on eBay prior to the 

transaction recorded. As a result, I deleted 157 observations, and the final data set contained 529 

observations. 

 

Variables 

Willingness to pay. Similar to the approach used by Sun and Liu (2010), the winning bid 

plus the shipping cost were totaled to measure a buyer’s willingness to pay for the product. It is 

reasonable to consider shipping cost when measuring willingness to pay, because when an eBay 

consumer wins an auction, the amount paid will include the bid price and the shipping cost 

charged by the seller. Previous research has shown that consumers will consider shipping cost 

when they participate in auctions and auctions with higher shipping costs usually result in lower 

final bidding prices (Bockstedt and Goh, 2011). 

Review volume N. eBay provided a feedback score for each member, which was the 

difference between the number of positive and negative reviews, instead of the total number of 

reviews. As discussed above, the feedback score contains information about the review volume 

and the review valence, which is insufficient for explaining the relationship between reviews and 

price premium. To consider review valence and review volume separately, and to avoid 
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confounding the two constructs, I measured review volume by estimating the total number of 

reviews a seller had. Using a formula based on feedback score and positive review percentage, I 

calculated the number of reviews as shown below: 

                                      
         

     
    

                                       

                                                           

Review valence p’. Review valence is equivalent to the percentage of positive reviews, 

which was provided by eBay. 

Control variables. Variables that also may influence willingness to pay were included in 

the model as control variables. Some items were featured, or displayed at the top of search 

results, and some items had special features, such as a warranty. Specialty items may influence 

the final price because consumers may perceive them as more valuable or less risky than the 

regular items. Zhou et al. (2009) found that offering a full warranty for the product significantly 

increases the auction price, and Bockstedt and Goh (2011) found that featured items are sold at a 

higher price than non-featured items. Therefore, I included a dummy variable, “Specialty,” 

which indicated whether the auction item was listed as a featured item or had special features: 0 

denoted a regular item and 1 denoted a specialty item. 

Acceptance of returned products reduces the risk associated with a purchase; hence, 

consumers may pay less for a product if it's non-returnable. I used a dummy variable, “Return,” 

to indicate the return policy of a seller, with 0 denoting that returns were accepted or that 

information was not provided, and 1 denoting that the seller did not accept returns. 

Suter and Hardesty (2005) found that the number of bidders increases as the starting bid 

set by the seller increases, and as a result, seller's earnings increase. Kamins et al. (2004), who 
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proposed the opposite influence of the starting bid on final price, found that the number of 

bidders consistently has a positive influence on final bidding price, fully mediating the 

relationship between the starting bid and the final price. As previous research has shown that the 

number of bidders in fluencies the final price, I included a variable, “Bidders,” to account for this 

effect. 

It also has been shown that auctions ending during peak time generally have higher 

closing prices, and that consumers pay more attention to auctions during its closing period 

regardless of the length or closing day of the auction (Melnik and Alm, 2002).Based on that 

research, I used a dummy variable, “Hour,” to indicate the peak period of transactions. A value 

of0 indicated that the auction ended sometime between 11:00 p.m. and 8:00 a.m. central standard 

time (CST), and that during this period, there were on average 5.3transactionsper hour. A value 

of 1 indicated that the auction ended between 8:00 a.m. and 11:00 p.m. CST, and that there were 

on average 32.1 transactions per hour. 

Previous studies also have considered the impact of time on product value (Park et al., 

2012).The data were collected throughout the three months, and even though the list price of the 

product did not change during this period, the perceived value of the product could, especially as 

the holiday season approached. Similar to the approach taken by Wu and Ayala (2012), I used 

two dummy variables to account for the monthly fluctuation of the perceived value of the 

product due to external market conditions. One dummy variable indicated auctions that ended in 

October, and the other indicated auctions that ended in November. 

A summary of the variables and a description of the data are shown in Tables 3.8 and 3.9, 

respectively. 
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Table 3.8 Summary of Empirical Data Variables 

Variable Measure 

WTP Final Bid plus Shipping Fee charged by the seller 

N Review Volume 

p’ Review Valence 

Specialty 
Whether the item was listed as a featured item on eBay: 

0 means no and 1 means yes  

Return 
Seller’s return policy:0 means either accepts returns or does not provide 

information about return policy and 1 means does not accept return 

Bidders The number of bidders who bid in the auction 

Hour 
0: low transaction period from 23:00 to 8:59 CST 

1: high transaction period from 9:00 to 22:59 CST 

Month10 0: auction did not end in October; 1: auction ended in October 

Month11 0: auction did not end in November; 1: auction ended in November 

 

 

Table 3.9 Empirical Data Description  

Variable Mean Std. Deviation 

WTP 302.74 19.16 

N 825.45 1551.6 

p’ 0.9916 0.0163 

Bidders 10 4.45 

 Number of 0 Number of 1 

Specialty 482 47 

Return 306 223 

Hour 48 481 

Month10 343 186 

Month11 383 146 

 

 

Analyses 

I used a finite mixture regression model to segment 529 observations into different 

groups,and linear regression models for the observations in each group to test the hypothesis 

with respect to that group. The models for classifying observations and testing hypotheses are 

shown below. 

Classification model. To classify observations, I used the model proposed in Essay Two, 

with the addition of the control variables. 
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where                ,                          , 

                             , and i: i
th

observation 

Hypothesis testing model. To test the hypothesis, I used a linear-log function of reviews 

plus the control variables.
2
As in Essay Two,  a linear-log function, was used to instead of a linear 

function, can capture this diminished return of reputation. 

                                                                        

                                             

i: i
th

observation, j: j
th

 group, k: below or above cross-over point 

 

Aggregate Analysis Results  

I ran the hypothesis model with all 529 observations, assuming that there is no difference 

among consumers in terms of preference towards review volume. Table 3.10 presents the results 

of the analysis at the aggregate level. 

Table 3.10 Aggregate Analysis Results 

Variable Coefficient Std. Error t value P value 

Review Valence p’ 0.728 0.146 4.979 0.000 

Review Volume N 0.005 0.001 3.623 0.000 

 

At the aggregate level, both review valence and review volume had significant positive 

impacts on consumers’ willingness to pay.  
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Classification Results 

To identify the optimal model, I initially set the pre-specified number of componentsto1, 

and then increased it to 10one setting at a time. The largest number of components the finite 

mixture regression model identified was8. The best component models are shown in Table 3.11. 

I selected the model with the smallest AIC; hence, the 7-component model was selected based on 

the classification model. 

Table 3.11 Model Selection for Empirical Data 

Model # of Components Log likelihood d.f. AIC 

1 1 2255.931 10 4531.863 

2 2 2201.223 21 4444.446 

3 3 2173.237 32 4410.475 

4 4 2152.760 43 4391.519 

5 5 2137.532 54 4383.064 

6 6 2115.566 65 4361.132 

7 7 2098.094 76 4348.188 

8 8 2089.303 87 4352.607 

 

The 7-component model identified 3 out of 5 groups: 20.6% of the consumers belonged 

to the linear group, 38.2% were S-shaped, and 41.2% were reversely S-shaped. Consistent with 

the literature and experimental study in Essay Two, the reversely S-shaped group was the largest. 

For the S-shaped group, all observations were located above the cross-over point, so within the 

range of the sample, the S-shaped group can be considered a convex group. Detailed information 

for the 7-component model is shown in Table 3.12. 

 

Hypothesis Testing Results  

Below I discuss the impact of review valence and the impact of review volume 

separately. 
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Table 3.12 7-Component Model Parameter Estimations 

Component Size Group  Coefficient 
Std. 

Error 
Z Value P 

Cross-over 

Point 

1 54 G3 
Xa 6225.269 5053.500 1.232 0.218 

NA 
Xb 6450.339 5293.242 1.219 0.223 

2 55 G3 
Xa 610.529 2268.808 0.269 0.788 

NA 
Xb 661.048 2397.805 0.276 0.783 

3 112 G5 
Xa 1296.158 275.667 4.702 0.000 

0.9561 
Xb 1355.640 293.296 4.622 0.000 

4 59 G5 
Xa 2685.200 93.154 28.826 0.000 

0.9411 
Xb 2853.300 99.621 28.641 0.000 

5 70 G4 
Xa 636.825 201.779 3.156 0.002 

0.8912 
Xb 714.567 214.832 3.326 0.001 

6 132 G4 
Xa 1086.973 305.676 3.556 0.000 

0.8830 
Xb 1231.051 327.791 3.756 0.000 

7 47 G5 
Xa 1180.900 95.125 12.414 0.000 

0.9375 
Xb 1259.600 100.720 12.506 0.000 

 

The impact of review valence p’. The results showed that, in general, review valence p’ 

had a significant positive impact on consumers’ willingness to pay. However, in a result 

inconsistent with the hypothesis, review valence had no impact on willingness to pay for the 

linear weighting group, and had a negative influence for the reversely S-shaped weighting group 

when it was below the cross-over point. For the rest of the consumers, as held by the hypotheses, 

review valence showed a positive influence on willingness to pay. With respect to the linear 

shaped weighting group, out of 109 observations, 53 had a 100% review valence. Therefore, 

even though the impact of review valence was insignificant, the positive coefficient was still a 

strong sign of its positive impact on willingness to pay. 

The impact of review volume N. As expected, the impact of review volume on 

willingness to pay varied among groups. Consistent with the hypotheses, review volume had no 

impact on willingness to pay for the linear shaped weighting group. For the S-shaped weighting 

group, review volume showed a negative influence on willingness to pay when review valence 
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was above the cross-over point, although such an effect was statistically insignificant. For the 

reversely S-shaped weighting group, review volume had a negative impact on willingness to pay 

when the valence was below the cross-over point, but a positive impact when it was above. Table 

3.13 presents the results of the hypothesis testing. 

Table 3.13 Hypothesis Testing Result Summary 

Variable Group Coefficient  Std. Error t Value P Hypothesis 

Review 

Valence 

p’ 

G3 0.156 0.410 0.380 0.705 RD* 

G4 

Above Cross-over Point 
0.244 0.120 2.031 0.044 S 

G5 

Below Cross-over Point 
1.631 0.447 3.652 0.022 NS 

G5 

Above Cross-over Point 
2.136 0.197 10.856 0.000 S 

Review 

Volume 

N 

G3 0.004 0.005 0.821 0.414 S 

G4 

Above Cross-over Point 
0.001 0.001 1.015 0.311 RD 

G5 

Below Cross-over Point 
0.039 0.008 5.002 0.007 S 

G5 

Above Cross-over Point 
0.006 0.001 4.364 0.000 S 

* RD: Estimate had same sign as proposed by hypothesis, but effect was not significant. 

S: Hypothesis was supported at significant level of 0.05. 

NS: Hypothesis was not supported at significant level of 0.05. 

 

 

DISCUSSION 

Both the experimental and empirical studies confirmed that consumer heterogeneity 

exists and influences the way that consumers use seller review information in their purchase 

decisions. Although the empirical study only identified3 out of the 5 groups originally proposed, 

it showed that consumers can be very different in their preferences towards review volume: some 

consumers simply do not care much about review volume, some consumers have relatively stable 

preferences towards review volume, and some consumers will change their preferences towards 

review volume based on review valence. On the aggregate level, my empirical data showed that 
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review volume has a positive effect on consumers’ willingness to pay, because the majority of 

the observations fell in the reversely S-shaped group and review valence was above the cross-

over point. I expect that the relationship between review volume and consumers’ willingness to 

pay will change if the sample’s composition changes. Therefore, it is reasonable to expect 

inconsistent observations of the influence of review volume on an aggregate level when the 

conclusions are drawn from different samples. 

The limitation of the current empirical study is that the data collection period was not 

long enough to identify sellers with low review valences, because these sellers may eventually be 

eliminated by the market. As a result, the distribution of review valence was negatively skewed, 

and it is hard to identify observations below the cross-over points for the S-shaped and reversely 

S-shaped groups. Future research can improve the validity of the framework by adopting a larger 

and more representative set of data.  

My research provides a descriptive framework that shows that consumers have different 

preferences towards review volume and, furthermore, that such differences can be categorized by 

consumers’ weighting functions. My studies establish correlation rather than a causal 

relationship between weighting function and the impact of review volume on willingness to pay. 

Future studies can establish a causal relationship by developing independent measurements of 

weighting functions. 

Finally, the current framework was developed under the binary review format; thus it 

only considers review volume and valence. Future research can extend the framework to include 

a continuous review format, such as Amazon.com’s, and incorporate the influence of review 

variance on consumers’ willingness to pay. 
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Notes 

1. Formulas for finite mixture models are consistent with those shown in Leish (2004).  

 

2. For the observations in group 5 that were below the cross-over point, covariant variables 

were excluded due to the small sample size.  
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