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ABSTRACT 

Networks and the relationships embedded in them are critical determinants of 

how people communicate, form beliefs, and behave. E-commerce platforms such as 

Amazon and eBay have made actions of “strangers” more observable to others. More 

recently, social media websites such as Facebook and Google Plus have created networks 

of “friends”, and the actions of these friends have become more visible than ever before 

to consumers. 

This dissertation develops an analytical model to examine how social learning 

occurs in different types of networks. Specifically, I examine the pure-strategy perfect 

Bayesian equilibrium of observational learning in a friend-network vs. a stranger-network. 

In this model, each individual makes an adopt-or-reject decision about a product after 

receiving a private signal regarding the underlying quality of the product and observing 

past actions of other individuals in the network. Grounded on the homophily theory in 

sociology, the degree of network heterogeneity defines the key difference between a 

friend-network and a stranger-network. I show a threshold effect of network size 

regarding which network carries more valuable information: when the network size is 

small, a friend-network carries more valuable information than a stranger-network does. 

But when the network size gets larger, a stranger-network dominates a friend-network. 

This suggests two competing effects of network homogeneity on social learning: 

individual preference effects and social conforming effects. I also test key implications 

from theoretical results using experiments to demonstrate internal validity and enhance 
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insights on social learning in networks. I found that experimental results are in line with 

predictions from the theoretical model. 
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CHAPTER 1: INTRODUCTION 

 

1.1 Social Learning from Friends vs. Strangers 

 

Imagine a consumer deciding whether to buy an e-book reader. She observes that 

a friend chose to buy, but a stranger walked away from the product. How will their 

decisions influence this consumer? What if she observes that ten friends bought the 

product but ten strangers chose not to buy? 

As the old idiom goes, “birds of a feather flock together”. Friends tend to have 

similar tastes and preferences than strangers do. Thus, conventional wisdom suggests that 

the consumer in the above situation will probably follow her friends’ choices. In reality, 

consumers often follow their friends’ recommendations for a movie because friends have 

more similar tastes than any random person does, or for voting in elections because 

friends hold similar political stands on certain issues. However, do consumers necessarily 

make better decisions by following their friends’ actions as compared to following 

strangers’ actions? What are the implications for firms providing different types of 

information to consumers? To answer these questions, this paper develops an analytical 

model to investigate how social learning may differ in friends vs. strangers networks and 

how different networks carry information that shapes people’s beliefs and actions. 

Networks and the relationships embedded in them are critical determinants of 

how people communicate, form beliefs, and behave. Traditionally, people observe the 

behavior of friends and strangers in the physical space. However, due to geographical 
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constraints, such observation is often limited to small and eminent areas around people. 

The recent surge of information technology and social media has significantly increased 

the degree of visibility of actions of both friends and strangers. 

Here are some illustrations. Levi’s web store has traditionally provided 

information about consumer choice to visitors. The information is essentially about the 

choice of an anonymous person. Recently, Levi’s has integrated the Facebook “like” 

features with every product in its online store. In the “Friends Store” (see Figure 1), 

consumers can observe the number of “like-minded” friends who have liked certain 

products (e.g., 501 Original Jeans-Dark Age) by linking the Facebook account to Levi’s 

web store. At the same time, Levi’s provides choices of everyone in its “Everyone” 

section, where consumers can observe the number of anonymous persons who have liked 

certain jeans. 

 

Figure 1: Levi’s Friends’ Store 
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Besides the e-commerce area illustrated by Levi’s, the observability of both 

friends’ and strangers’ behaviors also emerges in other contexts, including video sharing 

websites such as YouTube and mass media such as New York Times (nytimes.com). On 

YouTube, traditionally a person can observe how many anonymous strangers “like” and 

“dislike” a video. Recently, YouTube has integrated the Google Plus feature with every 

video on its website. Now a person can observe how many friends in certain circles “like” 

or “dislike” a video (e.g., family, professionals, acquaintances, etc).  

At first sight, such a marketing strategy incorporating friends’ networks seems 

very attractive to consumers as well as to marketers. According to the homophily theory 

in sociology (Lazarsfeld and Merton 1954), people tend to associate with people who are 

similar to themselves. Such similarities could come from education, socio-economic 

status, values and likes and dislikes. Therefore, the content from friends can be more 

relevant and persuasive than the content from any random person. Imagine a person using 

Google to search “environmental policy” or “tax reduction.” Websites or blogs 

recommended by a friend are more likely to match this person’s political stand than a 

randomly searched article. Similarly, a movie review written or recommended by a friend 

is more likely to fit the taste of this person than a review from some random person. 

Perhaps it was by such observation that Plato noted in Phaedrus, “similarity begets 

friendship” (Plato 1968). 

However, similarity in the friend-network also suggests little diversity in it. A 

network that is too much alike may impede learning because each member brings less 

and less new information into the network (March 1991). A homogenous group is 
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vulnerable to what Irving Janis coined as “groupthink” (Janis 1972). In groupthink, 

people tend to conform for consensus. As a result, contradictory views will be withheld 

from being expressed. For instance, after a detailed study of a number of American 

foreign policy fiascoes, including the Bay of Pigs Invasion, Janis (1972) concluded that 

when decision makers are very similar in world views and mind-sets, they are likely to 

reach groupthink. Therefore, decisions are based on very limited information, and are 

often wrong. Conversely, collections of strangers’ (and often diverse) intelligence can 

sometimes generate better decisions than those derived from friends’ information 

(Surowiecki 2004).  

I formalize these two competing arguments and develop a framework to examine 

how social learning occurs in different networks. Specifically, I examine the pure-

strategy perfect Bayesian equilibrium of observational learning in a friend-network vs. a 

stranger-network. In this model, each individual makes an adopt-or-reject decision about 

a product after receiving a private signal regarding the underlying quality of the product 

and observing past actions of other individuals in the network. In the main model, I 

compare the probability that an individual makes a correct inference about product 

quality in a friend-network vs. a stranger-network. The characterizing feature capturing 

these two types of networks is network heterogeneity. In a friend-network, individuals 

have homogeneous preference. In a stranger-network, individuals have heterogeneous 

preferences. I find out an interesting threshold effect of network size regarding which 

network carries more valuable information. When the network size is small, a friend-

network carries more valuable information, and thus a consumer is more likely to make a 
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correct inference about product quality in it. But when the network size gets larger, a 

stranger-network becomes dominating a friend-network. I also find out conditions when 

and which type of network can generate higher sales for firms. 

Then in a more general model, I relax the assumption that the network is either a 

friend or stranger network. I characterize network heterogeneity as a continuous variable 

and investigate how network heterogeneity influences information aggregation. I find out 

that there is a concave relationship between network heterogeneity and the probability of 

making a correct inference. Finally, in an attempt to test the implications from the 

theoretical model, I design an experiment to test the findings from the current model.
1
 

 

1.2 Related Literature 

 

This work is related to four broad literature streams. First, it is related to the fast 

growing marketing literature on social interactions (Godes et al 2005). In a game 

theoretical perspective, Mayzlin (2006) develops a model where two competing firms 

with differentiated consumer values send out anonymous promotional messages online. 

She finds out that even though online messages are noisy, they are still informative 

because of those trustful consumers who post unbiased messages. Chen and Xie (2008) 

investigate the role of online consumer reviews as free “sales assistants”. In their model, 

consumer reviews help people identify the most “fit” product for their own idiosyncratic 

usage conditions. Besides the theoretical works above, a lot of empirical studies have 

                                                             
1 See recent marketing literature combining analytical models with experiments, to name a few, Amaldoss 

and Jain 2010, Lim et al 2007, Tobia 2006, Wang and Krishna 2006. 
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examined a variety of forms of social interactions, including word-of-mouth (e.g., 

Chevalier and Mayzlin 2006; Godes and Mayzlin 2004; Liu 2006) and observational 

learning (e.g., Chen, Wang and Xie 2011; Hanson and Putler 1996; Salganik, Dodds and 

Watts 2006, Tucker and Zhang 2011; Zhang 2010). Other studies have investigated the 

effects of “neighborhood effects” (e.g., Bell and Song 2007, Choi, Hui and Bell 2007, 

Grinblatt, Keloharju, and Ikäheimo 2008), social contagion (e.g., Van den Bulte and 

Lilien 2001) and peer recommendation (Zhao and Xie 2011). 

This work is also related to the sociology literature on “strength of weak ties” 

(Granovetter 1973). The core argument of “strength-of-weak-ties” is that weak ties 

(acquaintances) are more likely to be socially connected to unknown people than strong 

ties (friends); thus an individual who have few acquaintances will be deprived of distant 

information and the latest information. One consequence of such deprivation of 

information is, for instance, the disadvantage in the labor market of locating an 

appropriate job opportunity (Granovetter 1983). 

There are subtle but crucial differences of assumptions, and thus mechanisms 

between “weak ties” and “strangers” in the current model. The assumption of weak ties is 

that weak ties are more likely to bridge between two otherwise disconnected clusters, 

thus weak ties are more likely to receive different information than strong ties 

(Granovetter 1983). In my model, on the other hand, each individual, regardless of 

friends or strangers, has the same probability of observing certain type of signal given the 

underlying quality of a product. The difference between strangers and friends here is their 

preferences to the product. After incorporating such individual differences of preferences, 
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each individual’s expected payoff from adopting the product differs. Therefore, strangers’ 

actions involve more uncertainties than friends’ actions do due to such differences. 

Accordingly, at the individual level, people are more likely to conform to friends’ actions. 

But at the aggregated level, strangers’ actions reveal more private information than 

friends’ actions do. 

This paper also contributes to economics literature on social and economic 

networks (Jackson 2008, 2010). It is particularly related to studies on cascades and 

observational learning (Bandura 1977; Bikhchandani, Hirshleifer, and Welch 1992, 1998, 

2005). In their seminal paper on Bayesian observational learning, Bikchandani, 

Hirshleifer and Welch (1992) study information cascade where individuals rationally 

ignore their private signals and follow previous actions. They conclude that as the 

number of individuals increases, an information cascade will almost surely happen. If the 

initial decisions are correct, cascades will lead to better overall decisions than making 

decisions alone with private signals. However, cascades can often be wrong when the 

first few individuals receive wrong signals and act on these signals. In another influential 

paper, Banerjee (1992) examines the herding behavior in a financial investment setting. 

Banerjee (1992) finds that in the equilibrium, people will choose to follow others’ 

decisions, rather than use their own information.  

The key impediment to correct social learning in cascades is that even though 

each individual behaves rationally, his or her actions actually hide his or her private 

signals. From a social welfare perspective, individual interests conflict with social 
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interests in cascading behaviors.
2
 Differently, in the current work, distinguishing friends 

vs. strangers networks by adding network heterogeneity and thus more uncertainty, can 

actually alleviate such hiding information problems in learning and in the long run, 

benefit the whole network. At the beginning, this may seem counterintuitive because 

heterogeneous strangers will make their actions even noisier, hence preventing social 

learning. However, heterogeneity also makes people use more of their private 

information, aligning individual benefits with social benefits eventually.
3
 

Additionally, different types of people often exert different impacts on decisions. 

For instance, messages or actions are found to be more persuasive from similar others 

than from dissimilar ones (Brock 1965; Brown and Reingen 1987; Simons, Berkowitz, 

and Moyer 1970).After incorporating different types of social networks based on the 

homophily theory, indeed theoretical results show that people put more “weight” on their 

friends’ actions than on strangers’ actions at the individual level. I view such differences 

of influence as a better approximation of social learning in networks. In many situations 

(e.g., where to dine, what movies to watch or what books to read), advices from friends 

are more influential than from strangers. The current model shows that such behavior has 

rationale behind it. 

                                                             
2 If each individual decides simultaneously, and thus only relies on their private signals, then by the law of 

large numbers (Condorcet 1788), a third-party social planner can obtains the true state of the world by 

choosing what majority chooses. However, in reality, people decide at different times for a variety of 
reasons. Some people may be more cautious than others; some people are faster at getting information than 

others; some people have money to buy some product; or it could be just due to some random factors.  
3 Actually, the model in Bikchandani, Hirshleifer and Welch (1992) is a special case of a friend-network in 

the current model. See the section 3 of model for detail.  
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More recently, researchers have started taking social networks into consideration 

(e.g., Acemoglu, Bimpikis and Ozdaglar 2011; Acemoglu et al 2011; Bala and Goyal 

2001; Gale and Kariv 2003). The most related study is by Acemoglu et al (2010), who 

examine how social learning occurs in different randomly generated network structures.  

They also show that in certain conditions, even if the network has excessively influential 

individuals, the network tends to converge to a correct understanding of the underlying 

state. In this paper, instead of looking at certain network structures (e.g., whether there 

are excessively influential individuals in networks), I focus on one underlying mechanism 

that generates the way of network connections: homophily in networks.  

Besides the theoretical work mentioned above, this work also contributes to the 

behavioral economics literature on cascade (Anderson and Holt 1997; Celen and Kariv 

2004; Cipriani and Guarino 2005; Kübler and Weizsäcker 2004). For instance, Anderson 

and Holt (1997) designed the first experiment to test the cascade theory based on the 

model of Bikchandani, Hirshleifer and Welch (1992). Cascades occurred in about 70% of 

possible cases in the experiment. Differently, rather than examining whether cascading 

occurs in the experiment, I focus on how network heterogeneity influences individual 

decision performance based on the current theoretical framework. 

The dissertation is organized as follows. Chapter 2 introduces the main model, the 

information structure, key features characterizing different networks, and the solution 

concept, and gives propositions from the model. Chapter 3 relaxes some assumptions in 

the main model to show the robustness of the result. To test implications from the results, 
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Chapter 4 introduces experimental designs and presents the results. Chapter 5 discusses 

implications and concludes this dissertation. 
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CHAPTER 2: THE MAIN MODEL 

 

2.1 Modeling Framework and Assumptions 

 

A sequence of N individuals, indexed by n ∈ N, sequentially decides whether to 

adopt or reject some product. The decision of the n
th

 individual is denoted by xn ∈ {0, 1}. 

xn  = 0 means that this individual rejects the product while xn = 1 means adopts it.
4
 As is 

standard in literature (Bikhchandani, Hirshleifer, and Welch 1992; Banerjee 1992), the 

ordering of the decision is exogenous and is known to all. Individuals observe all the 

previous decisions in history. Besides past actions individuals observe, they will also 

observe a private signal s, which depends on the underlying quality of the product, V. In 

line with the cascade literature and to make the model simple and tractable as well, I 

assume that both the quality and the decision are binary. 

Quality. The quality of the product is either zero or one, and is indexed by V ∈ {0, 

1}
5
. Both these two states are equally likely, so that P(V = 1) = P(V = 0) = ½ as is 

standard in the literature (Bikhchandani, Hirshleifer, and Welch 1992; Banerjee 1992). In 

the main model I focus on the situation when the quality of the product is exogenous and 

does not depend on the number of consumers who are using it. In section 6, I will discuss 

how endogenous product value will influence the theoretical results.  

                                                             
4 We will use xn ={adopt, reject} or xn ={1,0} interchangeably in this paper.  
5 To make the model tractable and simple, here we let the quality of the product to be either 1 or 0. Similar 

setup includes Bikchandani, Hirshleifer and Welch (1992), Acemoglu (2011). Future research could 

examine what happens if V is continuous on a range. My conjecture is that, for a continuous case of V, 

there is a cutoff value of V, where above the cutoff value, consumers will adopt and below the cutoff value, 

consumers will reject. Then similar decision rule could also be obtained for the continuous case. 



23 
 

Preferences. Each individual has an exogenous preference, indexed by tn , where 

tn ∊ [0, 1]. An individual’s location on a unit line tn represents her taste preference for the 

product (Hotelling 1929; Thisse and Vives 1988; Desai 2001). The higher tn is, the 

greater preference to the product. For instance, a consumer decides whether to go a 

Japanese restaurant. Thus tn represents her personal tastes on Japanese food. The more 

she likes Japanese food (e.g., sushi), the more likely she will go to this restaurant.  

Payoffs. The payoff of individual n depends on her decision xn, the underlying 

quality of the product V and her preference tn. In particular, 

un (xn, V, tn) =








rejectxif

adoptxiftV

n

nn

0

)1(

   

(1) 

The payoff of adopting a product has two components. The first one depends on 

the quality of the product V, and the second depends on individual preference tn. Since 

individuals know their own preference, the uncertainty of the payoff comes from the 

product quality. Therefore, in later analysis, I focus on individuals’ beliefs on quality 

based on the information aggregated in networks. If the quality of the product is of high 

quality (V = 1), then this product will give a non-negative payoff if an individual adopts it. 

If the quality of the product is zero, then it will give a non-positive payoff if a person 

buys it. So the quality of the product determines the valence of payoff while individual 

preference determines the magnitude of the payoff.
 6

 The higher the preference to the 

product is, the higher the payoff. Suppose the Japanese restaurant’s quality is one. If a 

consumer adopts it, then the higher this consumer’s preference to Japanese food, the 

                                                             
6 In section 4, we will discuss the case when preference could determine the valence of the payoff.  
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higher utility she obtains from going to this place. If this consumer’s preference to 

Japanese food is extremely low, say zero, then her payoff of even choosing to go to this 

high quality food restaurant is zero, and she is indifferent between adoption and rejection.  

Information structure. The information set In of the n
th

 individual includes her 

private signal sn, her preference tn and previous decisions in the history, In={sn, tn, xk for 

all k ∈ {1, 2, …, n-1}}. The information structure consists of two parts: private 

information, including private signals and preferences and social information, including 

previous decisions in the history. 

Private signals. Each individual receives a random private signal, sn, either H 

indicating high quality or L indicating low quality. The distribution of sn depends on the 

underlying quality of the product. If the quality is one, H is observed with probability p > 

½ and L is observed with probability 1 - p.  If the quality is zero, H is observed with 

probability 1 - p and L is observed with probability p. That p is from ½ to 1 captures the 

noisy but still persuasive features of online reviews (Mayzlin 2006). The private 

information could be that a consumer may search online consumer reviews (Chen and 

Xie 2008; Chevalier and Mayzlin 2006; Godes and Mayzlin 2004) or professional third 

party reviews such as Zagat.com or Consumer Reports. Table 1 summarizes the 

probabilities that an individual receives each type of signal. 
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Table 1: Probability an Individual Receives a Particular Signal 

 P(s = H|V) P(s = L|V) 

V = 1 p 1-p 

V = 0 1-p p 

 

Networks. To ease exposition and to clarify key insights from the results, I begin 

with a specific model in which the type of network is either a stranger-network or a 

friend-network.
7
 Individual preferences define the key characteristics of networks. 

Individuals in the friend-network have homogenous preference while individuals in the 

stranger-network have heterogeneous preferences. The motivation of such means of 

modeling is driven by the homophily theory well documented in sociological literature 

(McPherson, Smith-Lovin and Cook 2001). People are more likely to associate with 

others similar to themselves on a variety of factors, including values, socio-economic 

status and likes or dislikes (Lazarsfeld and Merton 1954). In the friend-network, 

individuals have homogenous preference t and t is common knowledge to all the friends. 

In the stranger-network, individuals have heterogeneous preferences that are uniformly 

distributed from zero to 1, tn ~ U(0, 1). Each individual knows her own preference tn but 

does not know others’ preferences. The distribution of t is common knowledge in the 

network. 

The meaning of “friend” in the current model needs some clarifications. “Friend” 

here does not mean every one in a person’s social network. Rather, “friend” depends on 

                                                             
7 In the extension of section 4.2, we examine a more general case of networks that can contain a mixture of 

friends, acquaintances and strangers. 
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the context of the product; it could be family, professional colleagues or other types of 

friends. For instance, suppose a consumer is deciding whether to go to a restaurant. Then 

in this context friend means people within this person’s social network who share similar 

tastes on food. Such definition of friend is quite reasonable. People go to different types 

of friends for different types of information. A colleague who is a good reference for 

choosing a textbook on the course Marketing Research may not be a good reference for 

deciding which movie to watch at home. Probably recognizing such need to categorize 

friends, Google Plus has a distinct feature called Google Circles. In Google Circles, 

people can create different types of circles for different types of relationships (e.g., family, 

work, friends, or fashion hobbyists). Accordingly, people can share certain information 

(e.g., travelling photos) within certain types of circles (e.g., family). Another example is 

Pinterest (Pinterest.com) where people organize their friends based on common interests. 

 

2.2 Analysis 

 

The set of all the possible information sets of the n
th

 individual is denoted by In. A 

pure strategy for individual n is a mapping            , which maps each of her 

information set In to actions. A sequence of strategies        ∈  defines a strategy 

profile. A sequence of decisions xn, n ∊ N is a stochastic process given a strategy profile. 

A strategy profile σ
*
 is a pure-strategy Perfect Bayesian Equilibrium if for every n ∈ N, 

  
  maximizes the expected payoff of the n

th
 individual given the strategies of other 

individuals,    
  .   
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Lemma 1. Let σ
* 
be an equilibrium of the game. Let In ∊ In be an information set of the 

n
th

 individual. Then the decision rule for the n
th
 individual, xn = σ (In), satisfies 

xn = 








nn

nn

tIVPifreject

tIVPifadopt

1)|1(

1)|1(
    (2) 

Proof. See Appendix.
8
 □ 

From Lemma 1, we can see that the higher tn is, the more likely this individual 

chooses to adopt. If tn = ½, then her decision is based on which state (V = 1 or V = 0) is 

more likely to happen given her information set In. 

 

2.2.1 Bayesian Updating in a Friend-network 

 

If the first individual observes a private signal H, then she infers that the 

conditional probability that the quality V is one is P(V = 1|H) = p; if she observes a 

private signal L, then she infers that the conditional probability that the quality V is one is 

P(V = 1|L) = 1 - p. To exclude uninteresting results, in the friend-network, I focus on the 

range of t when 1-p < t < p.
9
 I begin with t = ½ in the friend-network without loss of 

generality. Similar results can be obtained when I relax the value of t to 1-p < t < ½ and 

½ < t < p. Therefore, according to Lemma 1, the first individual chooses to adopt if she 

                                                             
8
 All proofs of lemmas and propositions are provided in Appendix. 

9 When t < 1-p in the friend-network (e.g., very low preference), the first individual will reject no matter 

what private signal she observes. This is because P(V=1| L) = 1- p < 1- t, and P(V=1| H) = p < 1 - t.  

According to lemma 1, therefore, the first person’s best strategy is always choosing rejection. In this case, 
the first individual’s action does not reveal any useful information at all. The second individual will decide 

solely based on her private signal just as the first individual. And it is easy to verify that when t < 1-p, the 

equilibrium is everyone chooses rejection regardless of information received. Symmetric result can be 

obtained for t > p (relatively high preference). In this case, the equilibrium is everyone chooses adoption 

regardless of information received.   
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sees H and chooses to reject if sees L; the second individual can infer the first 

individual’s signal from her action. If the first individual chooses to adopt and the second 

individual sees H, then the second individual calculates the conditional probability that 

the quality is one: P(V = 1| AH) =  
  

         
 > ½. Thus, the second individual will choose 

to adopt as well. However, if the second individual’s signal is L, she calculates the 

conditional probability to be ½. Being indifferent, she chooses to adopt with probability 

½. Symmetrically, if the first individual chooses to reject, then the second individual 

chooses to reject as well if she sees L and chooses to adopt with probability ½ if she sees 

H.  

The third individual faces one of three situations: (1) both the first two individuals 

choose adoptions, (2) both the first two individuals choose rejections and (3) one chooses 

adoption and the other rejection. In the third situation, based only on her social 

information (predecessors’ actions), the conditional probability that the quality is one is 

½. Thus the third individual acts as the first one and decides only based on her private 

signals, and the fourth individual would be in the same situation as the second one, the 

fifth as the third, and so forth. 

If the third individual faces the situation that the previous two individuals choose 

the same action, then the third individual follows their choices no matter what private 

signals the third individual sees. To see how this works, suppose the first two individuals 

choose adoptions. This could imply that the first individual sees an H and chooses 

adoption, and the second individual sees an H as well and chooses adoption; or the 

second individual sees L and flips a coin and chooses adoption with probability ½. 
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Therefore, the probability of seeing both the first two individuals choose adoptions given 

the quality is one is P(x1,2 = A |V = 1) =    
 

 
      ; the probability of seeing both 

the first two individuals choose adoptions given the quality is zero is P(x1,2 = A|V= 

0)=       
 

 
      . The posterior probability that the quality is one given the first 

two individuals choose adoptions and the third individual sees L is: 

P(V=1| x1,2 = A, L) 

 = 
                 

                                   
 

         
 

 
       

         
 

 
                 

 

 
       

 > ½. 

The posterior probability that the quality is one given the first two individuals 

choose adoptions and the third individual sees H can be similarly proved to be greater 

than ½. In other words, the third individual will ignore her private signals and choose to 

adopt anyway. Symmetric results can be obtained for the situation when both the first two 

individuals choose to reject.  

Lemma 2. In a friend-network, a herding behavior is almost surely to happen as the 

network size increases.  

The rationale behind Lemma 2 is that as long as the two consecutive friends make 

the same decision, then all the later ones will choose to follow them regardless of private 

signals. And as N increases, the probability of such event to happen (two adoptions or 

two rejections) increases exponentially with N. 
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2.2.2 Bayesian Updating in a Stranger-network 

 

Now we are deriving choices of individuals in a stranger-network. In a stranger-

network, each individual knows that the distribution of preference is tn ~ U(0, 1), but does 

not know the exact value of preferences of others. This brings in more uncertainties of 

others’ decisions. If the first individual observes an H, she computes that the posterior 

probability that the quality is one is p. If 1 - t1 is smaller than p, she will choose to adopt; 

if 1 - t1 is larger than p, she will choose to reject.  If the second individual observes that 

the first person chooses to adopt, then she computes the posterior probability that the 

quality is one based on her knowledge of the distribution of preferences: 

P(V = 1|x1 = A)s =  
                 

       
   
   

           
 = p

2
 + (1 - p)

2
 

Compare this result with the case when a person sees her friend adopt. From 

section 3.2.1, we know that the posterior probability that the quality equals one given the 

first individual adopts in the friend-network is P(V = 1|x1 = A)f = p. It can be verified that 

p
2
 + (1 - p)

2
 < p when ½ < p < 1. This suggests that seeing a friend’s adoption is a 

stronger signal indicating the product is of high quality than seeing a stranger’s adoption. 

This is because friends have homogenous preferences, thus their actions involve less 

uncertainty than those of strangers. In contrast, in a stranger-network, the second 

individual is uncertain that whether it is due to the first person observing an H signal or 

having very strong preference that makes the adoption. Different from a friend-network 

where uncertainty of decisions only comes from private signals, uncertainty in a stranger-

network comes from two sources: private signal accuracy and individual preference.  
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Suppose the first individual adopts in the stranger-network. If the second 

individual sees H, she computes the posterior probability that the quality is one: P(V = 1| 

x1 = A, H) = 
                     

       
   
   

               
 = 

         

          
 . If the second individual sees L, then 

the posterior probability that the quality is one is P(V = 1| x1 = A, L)s = 

                     

       
   
   

               
 = 

         

          
. 

It is interesting to compare P(V = 1| x1 = A, L)s with P(V = 1| x1 = A, L)f. From 

section 3.2.1, we know that P(V = 1| x1 = A, L)f = ½. It can be verified that 
         

          
 < ½. 

By comparing these two probabilities, we can see that, facing the same information AL 

(the second individual sees the first one adopt and a private signal L), the second 

individual is more likely to follow the first individual’s action in the friend-network than 

in the stranger-network. This is because friends have homogenous preference, their 

actions involve less uncertainties, and thus, are more informative than those of strangers. 

In contrast, the second individual in the stranger-network is more likely to follow her 

own signals. In other words, strangers’ actions reveal more of their private signals than 

friends’ actions do. Such reliance on private signals in a stranger-network actually will 

bring more useful information into a stranger-network, especially as the network size 

grows larger. 
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2.2.3 Probability of Making a Correct Inference
10

 

 

Proposition 1. The probability of making a correct inference about product quality in a 

stranger-network is larger than that in a friend-network when the size of the network 

reaches a threshold    .  

Figure 2 shows the equilibrium realizations in the (p, N) parameter space. In the 

figure, the curve AB corresponds to the threshold of network size as to which network 

gives a higher probability to consumers of making a correct inference about product 

quality. In the space above curve AB, a consumer is more likely to make a correct 

inference about product quality in a stranger-network than in a friend-network with the 

same size. In the space below the curve AB, a consumer is more likely to make a correct 

inference about product quality in a friend-network than in a stranger-network with the 

same size. 

 

 

 

 

 

 

 

                                                             
10 Here we focus on making inference about quality because whether a consumer makes a correct inference 

about product quality determines the valence of the payoff. Individual preference determines the magnitude 

of the payoff.  
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Figure 2: Threshold N  of Making a Correct Inference about Product Quality 

 

 

As a specific illustration for proposition 2, Figure 3 plots the probabilities of 

making a correct inference in a friend and a stranger network when p = 0.8. The x-axis 

represents the network size changing from 2 to 24 and the y-axis represents the 

probabilities of making a correct inference about product quality
11

. As shown in Figure 3, 

when N is relatively small, the probability of making a correct inference is higher in a 

friend-network than that in a stranger-network. But when N grows larger, the stranger-

network gradually accumulates more and more information; after the threshold, a 

                                                             
11 Because at least two people form a network, N starts at 2.  
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consumer is more likely to make a correct inference about quality in the stranger-network 

than in the friend-network. 

 

Figure 3 Probability of Making a Correct Inference in Two Networks 

 

 

2.2.4 Competing Effects of Network Homogeneity 

 

Such a threshold effect of network size suggests that network homogeneity has 

two competing effects that pull social learning in opposite directions. First, a friend’s 

preference is more likely to be closer to a person’s own preference than a random person, 

therefore, at the individual level, a friend’s action is more informative than a stranger’s 

action. This is the effect I term as the individual preference effect. Due to such individual 

preference effect, network homogeneity (heterogeneity) has a positive (negative) effect 

on social learning. However, at the same time, because friends’ actions are more 
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informative, an individual in a friend-network is more likely to conform to friends’ 

actions and ignore her own private signal than in a stranger-network. That is the effect I 

term as the social conforming effect. 

Due to such social conforming effect, friends’ actions are more likely to hide 

private signals. In contrast, since strangers have heterogeneous preferences, strangers are 

more likely to use their own private signals when making decisions. Therefore, strangers’ 

actions are more likely to reveal private signals. Due to such social conforming effect, 

network homogeneity (heterogeneity) has a negative (positive) effect on social learning.  

When N is small, in a stranger-network, there is limited information regarding 

private signals revealed from strangers’ actions; in a friend-network, in contrast, friends’ 

actions are more informative than strangers. Therefore, a friend-network provides more 

useful information to consumers to make an inference about product quality when N is 

small. However, as N grows larger, since a consumer is always incorporating private 

information into consideration in a stranger-network, thus more and more private 

information gets revealed from strangers’ actions. In contrast, in a friend-network, due to 

the homogeneous preference, the marginal return from friends’ actions decreases very 

fast, thus friends’ actions bring relatively little new information as N grows larger. 

Eventually, the information aggregated in a stranger-network will become dominating 

that in a friend-network. Therefore, a consumer is more likely to make a correct inference 

about product quality in a stranger-network once the network size reaches the threshold.  

N decreases as p increases. One interesting pattern, as shown in Figure 2,  is that 

as private information becomes more accurate (p increases), the threshold N for a 
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stranger-network to dominate a friend-network becomes smaller. The reason for such a 

negative relationship between p and N  is that for a stranger-network to dominate a 

friend-network, the social conforming effect must become large enough to dominate the 

individual preference effect so that enough information is aggregated in the stranger-

network, thus consumers have plenty of information to make a correct inference about 

product quality. If private signals are noisy, strangers’ actions are noisy as well in 

reflecting the underlying quality of a product. Therefore, larger network size is required 

for enough information to be revealed through strangers’ actions. However, when private 

signals are very accurate, strangers’ actions are also accurate in reflecting the quality of a 

product; thus, relatively small network size is enough to reach the threshold.  

Such individual preference effect is consistent with the persuasive effect from 

“people who are like me” identified in consumer behavior literature (Gershoff, 

Broniarczyk, and West 2001; Naylor, Lamberton and Norton 2011; Urbany, Dickson, and 

Wilkie 1989). Although the intention of the current paper is not to explain this individual 

preference effect via a psychological perspective, these links show that the behavioral 

reductionisms of trust in friends have an economic rationale behind it -- friends share 

similar preferences than any other random person, and, thus, friends’ actions are more 

informative than strangers’ actions. That’s why we observe that, for instance, in the 

consumption situation, people tend to go to friends to seek product information and 

product recommendations (Urbany, Dickson, and Wilkie 1989; Gershoff, Broniarczyk, 

and West 2001). In the online information sharing platforms, people trust those who are 
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like themselves -- reviews are more persuasive from people who consumers perceive to 

be more similar to themselves (Naylor, Lamberton and Norton 2011). 

The individual preference effect also underlies the popular referral programs in 

many industries such as finance services, cable and television operators and automobiles, 

just to name a few (Biyalogorsky, Gerstner and Libai 2001; Kornish and Li 2010; Ryu 

and Feick 2007; Schmitt, Skiera and Van den Bulte 2011).Such individual preference 

effect suggests that friends have a better understanding of friends’ preferences, therefore, 

referred products from friends are more likely to be a match-product to consumers. From 

firms’ standpoint, since referrals from friends are more persuasive and the referred 

products are more likely to match consumers’ preferences, consumers obtained from 

referrals will have a higher retention rate and higher contribution margin (Schmitt, Skiera 

and Van den Bulte 2011). 

However, if we incorporate network size into consideration, such heuristic 

“follow-my-friends” strategy may not be an optimal choice. In contrast, the social 

conforming effect is consistent to the “wisdom of crowds” phenomenon (Surowiecki 

2004). In the wisdom of crowds, the aggregation of imperfect knowledge of diverse 

people can generate better decisions than decisions made by experts. One famous 

example is the ox weight guess game. Francis Galton found that at a country fair, the 

crowd could accurately guess the weight of an ox when their individual guesses were 

averaged. And such estimate was closer to the true weight of the ox than any of the 

separate guesses made by cattle experts. The rise of internet and social media has brought 

both the crowds’ network and friends’ network to consumers at the same time. 
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Conventional wisdom suggests that consumers will be more likely to follow their friends’ 

actions than to follow strangers’. However, the current analytical model suggests that it is 

not always a better decision for a consumer to follow friends’ actions. As network size 

increases, the advantage of a stranger-network over a friend-network increases as well 

and after the threshold of network size, a consumer should follow crowds’ decisions.  

 

2.2.5 Uniform Behavior in Networks 

 

In this case, uniform behavior means that in a network, individuals choose the 

same action, for instance, all adopt the same brand of an e-book reader. A correct uniform 

behavior is that everyone adopts a high quality product or rejects a low quality product. 

Proposition 2. Uniform behavior in a stranger-network is more informative than that in 

a friend-network when the size of the network reaches a threshold N .  

This proposition states that once a uniform behavior forms, when the network size 

is small, the conditional probability that a uniform behavior is a correct behavior is higher 

in a friend-network than that that in a stranger-network, e.g., P(V = 1| xn = adopt, ∀ n ∊ N, 

N <   )s < P(V = 1| xn = adopt, ∀ n ∊ N, N <   )f. But when the network size reaches the 

threshold N , the conditional probability that a uniform behavior is a correct one is higher 

in the stranger-network than that in the friend-network, e.g., P(V= 0| xn = reject, ∀ n ∊ N, 

N >   )s > P(V = 0| xn = reject, ∀ n ∊ N, N >   )f. 

Figure 4 illustrations the equilibrium realizations in the (p, N) parameter space. In 

Figure 4, the curve AB defines the threshold of network size with regard to in which 
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network, a uniform behavior is more likely to be a correct one. In the region above the 

curve AB, a uniform behavior is more likely to be a correct one in a stranger-network 

than in a friend-network with the same size. In the region below the curve AB, in a 

friend-network, a uniform behavior is more likely to be a correct one than in a stranger-

network with the same size. Similar to the pattern in Figure 2, the threshold decreases as 

the accuracy of private signals increases. 

 

Figure 4: Threshold N  When Uniform Behavior Happens in Friend vs. Stranger 

Networks 

 

 

Previous literature on information cascades indicates that cascading behavior is 

often fragile because once cascading occurs, no more useful information will be revealed 
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by actions (Bikchandani, Hirshleifer and Welch, 1992). Thus, society welcomes even a 

little new information. The basic model in Bikchandani, Hirshleifer and Welch (1992) 

could be seen as a special case of friend-networks here in which everyone’s preference to 

the product is ½. Indeed, in the friend-network, once two consecutive individuals choose 

the same action, then, based on the decision rule proposed in Lemma 1, all the later 

individuals will follow the same action, regardless of their private signals -- no more 

useful information will be cumulated in the network. In a stranger-network, in contrast, 

such a cascading will never happen. Due to the preference heterogeneity, a person is 

uncertain that whether another person’s adoption is due to high quality signal or just 

because strong preference to the product. Therefore, individuals will always make use of 

both social and private information to form their beliefs about the quality of the product. 

In this way, their decisions always incorporate their private signals into consideration. 

Therefore, heterogeneity and associated uncertainty in a stranger-network serve as the 

mechanism to make each individual reveal more about his or her private signals.  

 

2.2.6 Effects on Sales 

 

Given the advancement of information technology and the popularity of online 

social networks, now firms can choose different types of networks and the information 

embedded in them to consumers. For instance, on a product’s website, a firm could 

choose to integrate with social network website and to provide information about friends’ 
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choices to consumers, or choose to provide only strangers’ choices to consumers
12

. Given 

these two different networks, which type of networks is more beneficial to firms in terms 

of sales? Are there any differences between a high-quality firm and low-quality firm? 

Proposition 3. When private signal is sufficiently high, a stranger-network generates 

higher sales for a high quality firm than a friend-network does; but a friend-network 

generates higher sales for a low quality firm than a stranger-network does. 

Figure 5 illustrates the sales effect for a high quality firm in the (p, N) parameter 

space. In the figure, the curve AB is the boundary line as to which network generates 

higher sales for a high quality firm. In the space above the curve AB, for a high quality 

firm, a stranger-network generates higher sales than a friend-network does. In the space 

below the curve AB, for a high quality firm, a friend-network generates higher sales than 

a stranger-network does. As we can see, if the accuracy of private signals is high enough 

(in the right rectangular region), a high quality firm always obtains higher sales in a 

stranger-network than in a friend-network, regardless of the network size. 

 

 

 

 

 

 

                                                             
12 In the current model, we focus on the case of one firm and one product. The model can also apply to the 

case of one firm and multiple brands/products. In reality, firms have multiple websites for multiple 

brands/products (e.g., P&G and its different brands). Thus a firm could use different strategies for different 

products. 
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Figure 5: Higher Sales for High Quality Product 

 

 

The rationale behind this result is that for a high quality firm, if a consumer is 

more likely to make a correct inference about the quality of the product, then the 

consumer is more likely to buy the high quality product. In contrast, for a low quality 

firm, if a consumer is more likely to make an incorrect inference about the quality of the 

product, then the consumer is more likely to buy the product. As shown in Proposition 1, 

a person is more likely to make a correct inference about quality in a stranger-network 

than in a friend-network as accuracy of private signal increases. In addition, as the size of 

network increases to a threshold, the probability of making a correct inference about 

product quality in a stranger-network will be greater than that in a friend-network given 

the accuracy of private signals. Therefore, as N increases, more people will choose to buy 

the high quality product in the stranger-network than in the friend-network.  
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Symmetrically, as the size of network increases, the probability of making an incorrect 

inference about product quality in a friend-network will be higher than that in a stranger-

network. As a result, more people will choose to buy the low quality product in a friend-

network than in a stranger-network as N increases. 

The result on sales has implications for firms’ social network strategy. First, it is 

not always beneficial for a firm with high quality product to use social websites, 

especially in a market where there is a lot of accurate information about product quality 

(for instance, there are a lot of third-party professional reviews for a product). In this 

situation, the stranger-network, or the crowds, will find out the true quality of the product 

eventually. Thus the high quality firm can just provide the information from a stranger-

network to consumers. In contrast, in a market where public information is very noisy 

and the market size is relatively small (such as for a new product), and thus consumers 

have high probability to make a wrong inference about product quality, especially in a 

stranger-network. In this situation, a firm with a high quality product could obtain higher 

sales by using friend-networks to promote its product. 
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CHAPTER 3: EXTENDED MODELS 

 

In this chapter, I examine the robustness of insights from the main model to 

several alternative assumptions. First, I relax the assumption that the product quality 

dominates individual preferences and let the vice versa be possible. Second, I relax the 

assumption that the network is either a friend or stranger network. Instead, I look at a 

more general model in which the network is a mixture of friends, acquaintances and 

strangers.  

 

3.1 Tradeoff between Product Quality and Preferences 

 

In the main model in section 3, if the quality of the product is one, then adoption 

turns out to be a dominate choice for everyone, no matter what individual preference tn is. 

In this situation, individuals only differ in the magnitude of their realized payoffs, not the 

valence of their payoffs. However, in many real-life situations, individual preferences 

may dominate the product quality. For example, when choosing a restaurant, a consumer 

chooses to go to a Japanese restaurant not because of the food quality there, but because 

of her very much enjoying eating sushi and wasabi.  

The model studied in this section is a revised model of the one in section 3. I relax 

the previous assumption that the product quality dominates individual preferences and let 

the vice versa be possible. N individuals, indexed by n ∈ N, sequentially decide whether 

to adopt or reject some product. The decision for the n
th

 individual is denoted by xn, 
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where xn = 1 means adopt and xn = 0 mean reject. Different from the main model, now the 

quality of the product could be either high quality, V = θ, or low quality, V = 0, where θ ∊ 

(0, 1]. Similar to the main model, each individual has an exogenous preference to the 

product, tn , where tn ∊ [0, 1]. The higher tn is, the greater preference to the product. By 

modeling this way, an individual can end up with a negative utility by choosing a high 

quality product that mismatches her preference. The payoff of an individual depends on 

the quality of the product V, her preference tn and her decision xn: 

un (xn, V, tn) = 








rejectxif

adoptxiftV

n

nn

0

)1(
   (3) 

In this formulation, an individual who has a very low preference (tn < 1 - θ) will 

get a negative utility when adopting. That individual will never choose to buy the product, 

regardless of the information he or she receives. This type of consumers can be seen as 

“stubborn” consumers in the sense that their actions are not informative at revealing the 

underlying quality of a product. 

Lemma 3. Let σ
* 
be an equilibrium of the game. Let In ∊ In be an information set of the 

n
th

 individual. Then the decision rule for the n
th
 individual, xn = σ (In), satisfies 

xn = 








nn

nn

tIVPifreject

tIVPifadopt

1)|(

1)|(




    (4)

 

Lemma 3 shows that when a consumer’s preference to the product is small 

enough (large transportation cost or equivalently 
    

 
 > 1), then she will never adopt the 

product regardless of the information received. When t > 1- θ, holding t constant , the less 
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important the product quality is (the smaller θ is), the more insurance is required for an 

individual to adopt the product. 

Proposition 4. When there is tradeoff between product quality and individual preferences, 

the probability of making a correct inference in a stranger-network is larger than that in 

a friend-network when the size of the network reaches a threshold   . 

From Proposition 4, we can see that the main insights from the model still hold, 

even though I relax the assumption that product quality dominates individual preferences. 

The tradeoff between product quality and individual preferences only changes the result 

quantitatively without changing the pattern of the result qualitatively. 

 

3.2 Mixed Networks 

 

In section 3, I examine the binary case where the network is either a stranger or a friend 

network. However, in reality, social networks often consist of a mixture of friends, 

acquaintances and strangers, so the degree of heterogeneity in social networks lies 

between these two special cases. To capture such mixed features of network 

heterogeneity, I extend the main model to the following: N individuals, indexed by n ∈ N, 

sequentially decide whether to adopt or reject some product. The decision of the n
th

 

individual is denoted by xn. Individuals observe all the previous decisions in history. 

Besides past actions individuals observe, they also observe a private signal s, which 

depends on the underlying quality of the product, V, either as high quality V =1 or low 

quality V = 0. Similar to the model in section 3, here I assume that both the prior 
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probabilities of V are equally likely, P(V=1) = P(V=0) = ½. Different from the previous 

model, network heterogeneity tn is now uniformly distributed from [1-a, a], where ½ ≤ a 

≤ 1. The value of a captures the degree of heterogeneity in networks: the higher a is, the 

greater the network heterogeneity. Notice that when a = ½, it becomes the friend-network 

in the main model; when a = 1, it becomes the stranger-network in the main model. The 

payoff for each individual depends on the underlying quality of the product, individual 

decision and preference tn: 

un (xn, V, tn) =  








rejectxif

adoptxif)t(V

n

nn

0

1
                     (5) 

The model analyzed here is similar to the one in section 3 except for the network 

heterogeneity, which is captured by the parameter a. Each individual observes a private 

signal s depending on the underlying quality of the product. An individual also observes 

all the past actions in the history. Each individual’s information set In consists of her own 

preference tn, private signal sn and all the decisions of individuals who decide before her 

xn, for all k ∊ {1, 2, ..., n-1}. I analyze the pure-strategy perfect Bayesian equilibrium. 

The decision rule for each individual can be obtained very similarly to that in section 3.2: 

xn = 








nn

nn

tIVPifreject

tIVPifadopt

1)|1(

1)|1(
  (6)

 

Here I focus on how the probability of making a correct inference about quality 

changes in correspondence to the changes of network heterogeneity. Because the 

information sets In for the n
th
 individual have 2

n
 possible combinations, an analytical 

expression for the relationship between the probability of making a correct inference and 
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network heterogeneity contains 2
n
 elements -- the number  of elements exponentially 

increases as n increases. Therefore, I use numerical methods to analyze the relationship 

of interests here. The results exhibit robustness under different values of p and N.  

Figure 6 shows the results how the probability of making a correct inference 

about product quality changes with network heterogeneity under different combinations 

of p and N. The figure suggests that the relationship between the probability and 

heterogeneity is concave when N is finite. The x-axis represents the degree of network 

heterogeneity from very homogenous on the left to the very heterogeneous to the right. 

The y-axis represents the probability of making a correct inference. At the beginning, 

when a is small (network is highly homogeneous), the probability of making a correct 

inference increases as heterogeneity increases. But after network heterogeneity reaches 

the optimal point, the probability begins to decreases as heterogeneity continue to 

increase. 

Such a nonlinear relationship between social learning and network heterogeneity 

is consistent to previous findings on the two competing effects of network heterogeneity 

on social learning. Before network heterogeneity reaches its optimal point, increased 

network heterogeneity reveals more information on private signals through others’ 

actions than the noise it brings into the network. However, after network heterogeneity 

reaches its optimal point, increased heterogeneity begins to hinder learning by making the 

actions very noisy to others. 
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Figure 6: Impact of Heterogeneity on Social Learning 

  

  

  

  
Vertical axis is the probability of making a correct inference. Hortizonal axis is the degree of 
heterogenity. When a = 0.5, it is the most homogenous network. When a = 1, it is the most 

heterogeneous netowrk. N = 24. 
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Such a nonlinear relationship is in line with optimal heterophily in 

communication effectiveness (Alpert and Anderson 1973; Merton 1957; Rogers and 

Bhowmik 1970). For instance, Rogers and Bhowmik (1973) propose that moderate 

distance (dissimilarity) between message senders and receivers generates highest 

agreement and produces the most effective communication. While the previous literature 

focuses on communication effectiveness -- the degree to which a message sender exert 

influence over the actions of a message receiver, the current paper, complementarily, 

focuses on the usefulness of information aggregated in networks. 

Based on the above literature on optimal heterophily in communication and the 

results in the current study, one implication for online WOM diffusion via social media is 

that a moderate level of network heterogeneity not only generates the most effective 

diffusion of WOM, but also gathers the most useful information for the whole network. 

For instance, for those marketing campaigns such as seeding video advertisement via 

YouTube, a moderate level of network heterogeneity not only generates the most 

effective communication for firms, but also accumulates the most useful information in 

the online community. 
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CHAPTER 4: EXPERIMENTAL EVIDENCE 

 

The experiment presented in this paper has two primary goals. The first goal is to 

examine the internal validity of theories proposed in the analytical model. The second 

goal is to further investigate the influence of social networks on social learning. The 

reasons for using experiments are as follows. First, empirically, it is very difficult to 

collect consumers’ private signals. For instance, if I observe a uniform/ herding behavior 

occurring in networks (e.g., all people in a friend-network choose to buy the iPad), it is 

hard to tell whether such uniform behavior is due to rational social learning or just a 

common response to public signals, such as advertising. As pointed out by Manski (1993), 

the former effect is called the endogenous social effect while the latter is called the 

correlated effect. Secondly, due to endogenous formation of friendship, it is difficult to 

empirically identify pure effects of social learning on consumer decisions. Take the iPad 

for instance. In a friend-network, that two friends sequentially choose the iPad could be 

due to social learning, or it could be due to that these two friends have some unobserved 

characteristics to researchers that make them choose this product (e.g., both are Mac 

People). However, by controlling and observing the information participants receive in 

the experiment, I can exclude correlated effect as an alternative explanation. In addition, 

randomization in experiments excludes the endogenous formation of friendship as 

alternative explanations. 
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4.1 Experimental Design 

 

Ninety seven college students (forty six female and fifty one male) recruited from 

a research subject pool took part in the study in exchange for extra course credit. In 

addition, participants who made the most correct choices in each session got a $10 

Starbucks gift card. A random draw was used to break ties, if occurred. 

Procedure. In each session, there are either 9 or 10 participants, depending on the 

show up rate in each session. At the beginning of each session, each participant filled a 

questionnaire about their social relationship with the rest of students in the same session 

(1 = “I don’t know this person”, 7 = “I trust this person as a friend”). Then each 

participant sequentially made a buy-or-not-buy decision based on whether a product 

matched his or her preference.  

One key attribute of the theoretical model is that individual decisions depend on 

both the quality of a product and individuals’ own preference to the product as well. To 

match the experimental design with the theoretical model, the products in the experiment 

contain two attributes and only one of them could be of high quality. For instance, 

participants were told that they are going to make a decision whether to buy a printer. 

And the printer was of either high toner efficiency or fast print output, with equal 

probabilities (students did not know the true attribute of the product). A high toner 

efficiency printer suggests low print output at the same time, and vice versa. At the 

beginning of each round, each participant wrote down privately their own preference for 

a product (e.g., high toner efficiency or fast print out for a printer). Participants could not 
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see others’ preferences but only themselves’. Participants were told that if s/he preferred 

high toner efficiency to fast print output and also believed that the printer was of high 

toner efficiency, s/he ought to choose to buy it. If s/he preferred fast print output to high 

toner efficiency, and believed that the printer was of high toner efficiency, s/he ought to 

choose not to buy it. In such a way each individual’s decision depends on both the quality 

of the product and preferences as well. A correct choice was when a participant chose to 

buy a product, and the product in fact fit her or his preference; or a participant chose not 

to buy a product, and the product in fact did not fit his or her preference. Each session 

consisted of four rounds with different products. The products included laptop, digital 

camera, printer and smart phone. See Appendix B for the two attributes assigned to each 

of these 6 products. 

Information. Participants observed two types of information. The first piece of 

information was private signals that others could not observe. The private information 

was operationalized as “professional advice” written on cards in an envelope. Each 

product has a corresponding envelope. The envelope contains three cards with 

“professional advice” telling the attribute of a product. Out of these three cards, only two 

were correct. For instance, if the printer was of high toner efficiency, then in the envelope, 

two cards would read “high toner efficiency, but slow print output” and the third card 

would read “fast print output, but low toner efficiency.” Each round, each participant 

drew one card from the envelope, read it and put it back in the envelope. In other words, 

each participant has two thirds of chance drawing a correct “professional advice”. 

Participants knew that the accuracy of the “professional advice” was two thirds.  
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The second piece of information was social information via observing others’ 

decisions. Each participant observed prior decisions made by others on a decision sheet. 

After participants observed both the professional advice and others’ decisions, they wrote 

down their own decisions on the decision sheet whether to buy the product. Each 

participant’s name was listed on the decision sheet in order of their decision sequence. 

After one participant made a decision, the decision sheet was then passed to the next 

person. In this way, before making a decision, each participant knew his or her own 

private signals and previous decisions of others by names
13

. The decision sequence in 

each round was randomly decided.  

 

4.2 Analysis 

 

Table 2 provides the descriptive statistics of the key variables. Out of the 97 

participants, 51 are male and 46 are female. Out of 388 total draws, 62.3% of times 

participants drew the correct signal. The average network strength among each pair of 

participants is 1.588.  

Table 2: Descriptive Statistics 

 Observation Mean s.e. 

Correct signals 388 .623 .485 

Network strength 313 1.588 .600 

 

 

 

                                                             
13 The first decision maker in each round only observed private signal.  
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4.2.1 Test of Homophily Assumption. 

 

A key assumption in the theoretical model is the assumption of homophily-- 

friends are more likely to have homogenous preferences than strangers do. According to 

this assumption, the stronger the strength of ties among participants, the less 

heterogeneous the preferences are among those participants. To examine whether this 

assumption holds in the experiment, I regress the variance of preferences for a product 

among the first n participants in each round on the average strength of ties among those n 

participants, controlling the number of people and product categories. 

       

∑ ×+×+×+= ΓαnαStrengthααityHeterogene k210    (7) 

In equation (7), the dependent variable Heterogeneity is the variance of preference among 

the first n participants, where n ∊ {2, 3,..., N}, N is the total number of participants in a 

session. Strength is the average strength of ties among the first n participants: Strength = 

       
   
   

 
   

    
. tienk is the tie strength between the n

th
 and k

th
 participant. Γ includes 

product dummy variables. 

As expected, the coefficient of the strength of ties, α1 is negative (p < .05 in Table 

3). This result confirms that participants who have stronger ties with each other are more 

likely to share similar preferences, thus the assumption of homophily holds in the 

experiment setting. The number of participants, n has a significant and positive effect on 

preference heterogeneity (p < .01). Therefore, the more people in a group, the higher the 
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variance of preference is. Product categories do not have significant influence on 

preference heterogeneity. 

 

Table 3: Test of Homophily 

DV: preference heterogeneity 

 Estimate 

 

s.e. 

Constant .158*** .016 

Strength -.013*** .007 

Number .014*** .002 

Laptop -.003 .012 

Camera .003 .012 

Printer -.017 .013 

Male_Pct -.059*** 

 

.013 

N 313  

R
2
 .246  

*** p < 0.01, ** p < 0.05 

 

 

4.2.2 Test of Key Implications from Proposition 1 

 

One key implication from Proposition 1 is that in a stranger-network, as network 

size N increases, the probability of making a correct inference increases as well; but in a 

friend-network, as N increases, the probability of making a correct inference increases 

little after the first few people. Another key implication is that for the first few decision 

makers, due to similar preferences, a person in a friend-network has a higher probability 
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of making a correct inference than a person in a stranger-network does. Based on these 

two implications, the predictions are: (1) N in strangers group should positively impact 

decisions but N in friends group should not, and (2) the intercept in strangers group 

should be smaller than that in friends group. 

  
ΓαNαSignalαα)correct(P

k210 ×+×+×+= ∑    (8) 

Equation (8) is a logistic model where the dependent variable is whether a 

participant makes a correct choice -- choosing to buy a product that matches his/her own 

preference or choosing not to buy a product that does not match his/her own preference. 

Signal indicates whether this participant draws a correct private signal. N indexes the 

number of people in the group when a participant makes a decision.
14

 Г includes dummy 

variables gender and product categories. Based on the predictions above, α2 should be 

positive and significant in the strangers group but not significant in the friends group. In 

addition, α0 should be larger in the friends group than that in the strangers group. 

The way to classify friends and strangers is as follows. If the network strength 

between the n
th

 participant and previous ones is larger than one deviation above the 

average network strength, then this participant’s network strength is classified as friends; 

if the network strength between the n
th

 participant and previous ones is smaller than one 

deviation below the average network strength, then it is classified as strangers.  

                                                             
14 N starts from 2 here. For the second person in a round, N equals 2; for the third person, N equals 3, and 

the fourth and so forth. 



58 
 

I present the results of the analysis in Table 4.
15

 I find supporting results for both 

of the two predictions. As predicted by the first prediction regarding impact of network 

size, in the right column for strangers group, the coefficient of Network Size is positive 

and significant (α2 = .476, p < .05). In contrast, in the left column for friends group, the 

coefficient of Network Size is not significant and is smaller than that in the strangers 

group (α2 = .144, p > .1). This suggests that as N grows larger, the probability of a person 

making a correct choice also increases in a stranger-network; however, that probability 

does not increase too much in a friend-network as N becomes larger, and more people do 

not bring in too much new information into the friend-network. In support of the second 

prediction, the intercept in the friends group is larger than that in the strangers group, 

suggesting that at the beginning of decision lines, a person has a higher probability of 

making a correct choice in a friend-network than that in a stranger-network. 

 

Table 4: Test of Key Implications from Proposition 1 

DV: Probability of making a correct choice 

 Friends Strangers 

 estimate s.e. estimate s.e. 

Constant -1.248 .786 -6.633*** 2.070 

Signal 4.562*** .681 5.550*** .681 

Network Size .144 .096 .476**  .205 

Gender -.311 .507 .067 .574 

Laptop .364 .672 .121 .737 

Camera -1.163 .958 -.006 .889 

Printer -1.215* .692 .670 .638 

N 145 139 

Pseudo R
2
 .547 .612 

*** p <.01; ** p<.05; *p<.1 

 

                                                             
15 The goal of the experiment is to demonstrate the general pattern suggested by the theoretical results. 

There is no way to expect that the experiment will completely replicate the results. 
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4.2.3. Concave Relationship 

 

A major implication from the general model of mixed network is that, due to the 

two competing effects of network homogeneity on social learning -- individual 

preference effect and social conforming effect -- there is a concave relationship between 

the probability of making a correct decision and network heterogeneity. So the main 

objective in the experiment is to examine whether such a concave relationship exists 

between participants’ performance and network heterogeneity.
16

 Based on this prediction, 

I conduct a logistic regression with random effects: 

             (9) 

The dependent variable P(correct)ij is the probability of the i
th

 participant making 

a correct choice in the j
th

 round. A correct choice is that either a participant chooses to 

buy the product, and the product matches his/her preferences, or a participant chooses not 

to buy the product, and the product does not match his/her preferences. Heterogeneityij is 

the variance of preferences among the first i participants in the j
th

 round while 

Heterogeneityij
2
 is the square term of mean-centered preference heterogeneity. ijΓ includes 

additional variables that may influence a participant’s performance. Signalij indexes 

whether a participant drew a correct private signal. Sequenceij indexes the sequence of the 

                                                             
16 Even though testing the prediction based on the binary network case (Proposition 1) is appealing, in the 

experiment, however, the researcher cannot manipulate the network relationship to be either friend vs. 

stranger networks. This is because students randomly assign up the group. However, there is variance of 

network relationship in each group. Therefore treating network relationship as a continuous variable and 

focusing on the concave relationship is a feasible way to test the implications from the theoretical model.  

∑ ×+×+×+= ijk
ij

2

2ij10ij ΓαityHeterogeneαityHeterogeneαα)correct(P
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i
th

 participant in the j
th

 round, which is i. I also control for gender effects (Genderi) and 

product category effects.  

Table 5 shows the result of the tested model. Whether a participant drew a correct 

private signal (Signal) has a significant and positive effect on the participant’s 

performance (p < .01). After controlling the effect of private signals, network 

heterogeneity still exerts a highly significant role in participants’ performance. I found a 

marginal significant effect of the quadratic term of preference heterogeneity -- 

Heterogenity
2
 has a negative effect on participants’ performance (α2 = -.370, p < .1). The 

decision sequence has a positive but marginal significant effect on decision performance. 

Gender does not have significant effect a participant’s performance. 

 

Table 5: Effects of Network Heterogeneity on Social Learning 

DV: Probability of making a correct choice 

 estimate s.e. 

Constant 1.256  .580 

Heterogeneity -.538*** .275 

Heterogeneity
2
 -.370*** .260 

Signal 2.109*** .177 

Sequence .118* .060 

Gender -.266 .283 

Laptop -.617 .463 

Camera -.493 .479 

Printer -.345 .465 

N 388 

Wald chi2(10) 146.60 

Prob > Chi2 .000 

    *** p <.01; ** p<.05; *p<.1 
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CHAPTER 5: CONCLUSIONS 

 

The motivation of this article is to understand how social learning occurs and 

differs in different types of networks. Toward this goal, I develop a social learning model 

that captures the key difference between friends vs. strangers networks. Grounded on the 

sociological theory of homophily, the model characterizes a friend-network as having 

homogenous preferences while a stranger-network as having heterogeneous preferences. 

As social media and social networks emerge, consumers are facing an 

unprecedented era in which they can simultaneously observe the behaviors of both 

friends and strangers. At the same time, as an increasing number of firms have 

incorporated social media into their marketing strategies, firms are making choices about 

which type of networks and the information embedded in it to provide to consumers in 

order to achieve effective marketing goals. This study provides guidance to consumers as 

well as firms in this new age of social networks. 

Do consumers always make better decisions by relying on friends’ choices? No 

necessarily. It depends on the network size and the accuracy of private signals. 

Theoretical results suggest that when the network size is relatively small, friends’ choices 

are better than strangers’ choices. However, when the network gradually grows larger, 

stranger’s network gives more information to consumers than friend’s network does. The 

intuition for this result is that there are two competing effects of network homogeneity on 

social learning. I term these as the individual preference effect and the social conforming 

effect. The individual preference effect means that because friends have homogenous 
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preferences, friends’ actions are more informative and thus persuasive than strangers’ 

actions at the individual level. The social conforming effect means that because people 

are more likely to follow their friends’ actions due to homogenous preferences, friends 

are more likely to ignore their private signals. When network size gradually grows larger, 

a stranger-network aggregates more and more useful information than a friend-network 

does.  

Besides network size, the answer to the above question also depends on the 

accuracy of private signals. Theoretical results suggest that the more accurate a private 

signal is, the smaller the threshold of the network size for a stranger-network to dominate 

a friend-network. Accordingly, in a world where information is noisy -- for instance 

when a new product comes out and there is high uncertainty about its true quality -- 

consumers may rely more on their friends’ networks. However, as private information 

gets increasingly accurate -- for instance in a mature market where the quality of a 

product is known to many people -- strangers’ actions are more likely to reveal its 

underlying quality. 

Do firms always benefit from utilizing friends’ social network, such as Facebook 

to promote its product? The advancement of information technology has provided many 

new channels for a firm to promote its products. The result here suggests that firms 

should be very selective at choosing social media to reach consumers. As shown in the 

model, it is not always more beneficial for firms to use friend-networks to communicate 

with customers. Especially for a high quality firm, a stranger-network may even generate 

higher sales than a friend-network does, particularly when public information is accurate. 
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Only when consumers’ private signals are noisy and thus consumers are highly uncertain 

about the product quality, a friend-network may generate higher sales than a stranger-

network does for a high quality firm. 

The theoretical results also suggest that a herding behavior is more likely to 

happen in a friend-network than in a stranger-network due to similar preferences in a 

friend-network. This result has implications for firms that sell niche products (e.g., skin 

brightening products in the U.S. market). Since niche products only target very specific 

tastes of the market and friends are more likely to have homogenous preferences (e.g., 

preferences to fair skin), a herding behavior is more likely to occur in a friend-network. A 

friend-network will be more effective at initiating sales of new niche products, compared 

with a mass product, especially during product launch. However, for those mass products 

(e.g., Coke) that cover a variety of tastes in the market, traditional mass media should still 

be a very effective marketing strategy at targeting and increasing awareness of the 

product in mass market. 

How should online retailers improve recommendation systems for customers? An 

increasing number of online retailers have recently incorporated social networks and 

social media, such as Facebook and Twitter, into their online recommendation systems. 

For instance, Amazon partnered with Facebook for its social recommendation system. 

Accordingly, consumers can observe their friends’ recommendations of products by 

connecting their Facebook accounts to their profiles on Amazon.com. After this 

partnership, consumers can see what books or movies their friends have been 

recommending on Amazon Facebook Page. In order to provide better recommendations 
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in terms of consumer-product matches, online retailers should incorporate network size, 

network strength among consumers and public information accuracy into the algorithm of 

online recommendations. When the network size is relatively small, the recommendation 

system should put more weight on the choices of closely connected friends. On the other 

hand, when the network size is relatively larger, the recommendation system should put 

more weight on the choices of loosely connected friends.
17

 Besides, theoretical results 

suggest that neither too homogenous nor too heterogeneous is the best network for 

information aggregation. A mixed network of friends, acquaintances and probably 

strangers will embrace the most information given the network size and the accuracy of 

private information. 

One debate in recommendation systems is whether recommendation systems 

increase sales diversity by introducing niche products to consumers (Anderson 2006), or 

decrease sales diversity by reinforcing the already-popular products (Mooney and Roy 

2000; Fleder and Hosanagar 2007, 2009). For instance, Fleder and Hosanagar (2009) set 

up an analytical model to examine the effect of recommendation systems on sale 

diversity. One implication from their results is that some recommendation systems could 

reduce sales diversity because the system is based on sales and ratings. After more and 

more online retailers have incorporated social networks into recommendation systems, 

the degree of sales diversity could either increase or decrease, depending on the weight 

put on choices of different social connections. Findings here suggest that, if the 

                                                             
17 For instance, if two people have a lot of messages or chats on Facebook or being tagged in the same 

photo many times, they may high a very close friendship. Or, in Google Circles, people in a “friends” circle 

have stronger ties than those in an “acquaintance” circle. How to empirically identify and measure the 

network strength using social media such as Facebook is beyond the research scope of this article and 

worth future research. 
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recommendation system can distinguish strangers from close friends among consumers, 

and accordingly, putting more weight on strangers’ choices in the recommendation 

system when the network size is large, it will increase sales diversity and recommend 

better consumer-product matches. However, when network size is small and thus more 

weight is given to choices of close friends, the recommendation system is likely to 

reinforce sales concentration and reduce sale diversity. 

Product vs. product forms. In the current model, the focus is on a product, and 

consumers are choosing between different brands or firms. A different situation is when a 

radically innovative product comes out, and consumers are uncertain whether to adopt 

such a product form. For instance, when the first PC was introduced, consumers’ decision 

is whether to buy it or not, because consumers were not sure how valuable and useful this 

new product form was. The current model can be adjusted to consider adopting product 

forms. To account for consumer’s uncertainty how valuable the product is, the value of 

the product V could also be individually different, rather than objectively high quality or 

low quality. The distribution of V among the whole population can be uniformly 

distributed. And consumers’ own horizontal preference could also be captured by 

preference parameter tn. My speculation of the results is that this will bring more 

uncertainty into others’ actions, regardless of friends or strangers. But still friends are 

more similar in horizontal preference compared to strangers. Thus, the general pattern of 

the result should still hold. 

Speed of diffusion. In the current model my focus is on the accuracy of 

information aggregated in different networks characterized by network heterogeneity. 



66 
 

Another interesting phenomenon regarding social learning is the speed of diffusion. 

Speed of diffusion is highly related to network structures. In a densely connected network 

(e.g., friends’ network), news spread very fast to the whole network. However, if such a 

network is isolated to outside groups, news is only contained in the local network. In 

contrast, if the network has several “brokers” who connect otherwise separate groups 

together, such a network would speed up the diffusion of news to the whole network. 

Future direction could examine what types of network structure would facilitate social 

learning. 

There are several limitations in this article. In the model, I assume that the value 

(quality) of the product is exogenous. But for some products, such as conspicuous goods 

(Amaldoss and Jain 2005), the value of the goods could be influenced by the number of 

other people who already own the product. My conjecture is that, consumers who 

desiring conformism will be even more likely to follow friends’ actions, while those 

desiring uniqueness will be less likely to follow their friends’ actions. Therefore, the total 

effect of conspicuous goods’ social effect on learning is unclear and worth further 

investigation. Similarly, for products with network externalities, such as software and 

communication tools (Katz and Shapiro 1985, 1994), people in both friends and strangers 

networks will be more likely to conform to others’ decisions. My conjecture is that 

network externalities will make the threshold of network size smaller. The reason is that 

such network effect will make people more likely to follow friends’ actions, and thus, use 

even less of their private signals. But in strangers’ networks, despite of network 

externalities, network heterogeneity still exerts the opposite effect by making strangers 
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use private signals. Therefore, strangers’ actions are still informative at revealing private 

signals. 

I also assume that private information is free to obtain in the model, but in reality, 

consumers may spend time and money to obtain that information. My conjecture is that 

costly information will add another dimension of competing effects into the model. On 

one side, costly private information will make people free ride others’ information. This 

will make the herding behavior even stronger, especially in the friend-network. Therefore, 

this will bring more negative effects into the friend-network. On the other side, however, 

since obtaining information requires extra effort, this will make the value of private 

signals more salient to people, and thus people will pay more attention to their private 

signals, especially in the friend-network. This may bring more useful information into the 

friend-network, especially when the network gets larger. It will be very interesting to 

examine the total effects of costly information on social learning. 

Another direction for future studies is to empirically test the theoretical results 

using real data. One criterion for the empirical setting is that observational learning takes 

place easily. For instance, in the microloan markets of Prosper.com, lenders can observe 

peer’s lending decisions, and thus infer borrowers’ trustworthiness. On Prosper.com, 

borrowers can seek funding endorsement, typically from friends. A study on herding 

behavior on Prosper found out that friends’ endorsement can actually hurt herding 

(Zhang and Liu 2012). Such results can be explained by the current model that in a friend 

network, there is not too much useful information aggregated and thus people discount 

friends’ choices. It will be very promising to test the results in such settings.  
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APPENDIX A 

Proof of Lemma 1 

An individual maximizes her expected utility given her information set In. If the 

expected utility from adoption is greater than 0, then she will adopt; otherwise she will 

choose rejection. In other words, she will choose to adopt if 0]|)1([(  nn ItVE . Since 

tn does not depend on the information an individual has, thus the inequality is equivalent 

to nn tIVE 1)|(  . And )|1(0)|0(1)|1()|( nnnn IVPIVPIVPIVE  . 

Therefore,  for any individual, given the information set In she has, if the conditional 

(posterior) probability that the value is one is greater than the disutility (transportation 

cost as 1- tn), this individual will choose to adopt. Otherwise, she will choose to reject. □ 

Proof of Lemma 2 

From section 3.2.2 we know that once two previous friends make the same 

decision, the third friend will follow their decision regardless of private signals. Then the 

probability of NO cascade after even number of friends n is the probability of no cascade 

after two friends raised the (n/2)
th
 power: 

P(no cascade after n) = (p - p
2
) 

n/2
 

Therefore, the probability of a herding behavior increases exponentially with n: 1- (p - p
2
) 

n/2 
in the friend network. □ 

 

Proof of Proposition 1 

The general idea of this proof consists of two parts. The first part is that when n = 

2, P(correct| In)s < P(correct| In)f. Here a correct inference means that the n
th

 individual 
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correctly infers the quality of the product. The second part is to prove that the probability 

of making a correct inference in a stranger-network, P(correct| In)s converges to 1 when 

N → ∞ but that in a friend-network P(correct| In)f converges to a value strictly less than 1 

and both these two probabilities are monotonic increasing in N. Therefore there must be 

one point when these two curves intersect with each other.  

To begin with, I am proving that for the second individual, the probability of 

making a correct inference is higher in friend-networks than that in stranger-networks.  

From Section 3.2.2 and 3.2.3, it can be shown that the probability for the second 

individual to make a correct inference in friend and stranger networks are: P(correct| I2)f 

= p
2 
+ p(1-p), and P(correct| I2)s = 

                           

                           
. It can be verified that 

P(correct| I2)f  > P(correct| I2)s  when ½ < p < 1.  

Lemma 1A. The probability of making a correct inference in a stranger-network 

converges to c as N→∞ 

Proof. Several conditions are required for the proof. First is that the probability of 

making a correct inference P(correct| In)s is monotonic increasing in N. The second is that 

P(correct| In)s is bounded. Therefore, according to the monotone convergence theorem, 

P(correct| In)s converges to c. To prove that P(correct| In)s is bounded from [0, 1]:  

P(correct| In)s = 

                         
  

                             
  

    = 

                   
  

   .  
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Here P(correct| In)s refers to the probability of making a correct inference for the n
th

 

individual in the stranger network. Ik indicates the k
th
 possible information set for the n

th
 

individual.  It can be shown that 0 ≤                    
  

    ≤ 1.  

To prove that P(correct| In)s monotonic increasing in N. For the n
th
 individual, she 

has 2
n
 possible information sets in In. For the next individual -- the (n+1)

th
 individual, she 

has 2
n+1 

possible information sets in In+1. Suppose one information set for the n
th

 person is 

Ik = {xj, j ≤ n-1, sn}. Then, the (n+1)
th
 individual’s corresponding information is Im={ xj, j 

≤ n-1, xn, sn+1}. x is the action, either adopt or reject. It can be proved that P(correct|Ik) < 

P(correct|Im), where  

P(correct|Ik) =                                                  , 

and  

P(correct|Im) = 

                                                 .  

The details of that P(correct| In)s is increasing in N is in the technical appendix. 

Then similar results can be obtained for the rest of 2
n 
- 1 possible information sets for the 

n
th

 individual and the corresponding 2
n+1

-2 sets for the n+1
th
 individual. □ 

From Lemma 2, we know that limn→∞P(xn = q| In) = c. Now I need to prove that c 

= 1.  

To prove limn→∞P(xn = q| In) =1, according to Lobel (2009), when the preference is 

unbounded (tn ∊ [0, 1]), social beliefs about the true state of the world will converge to 1 

and here I replicate the proof. It can be shown that limn→∞P(xn = S| In) = 
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 where   and   are the upper and lower bound of the support 

of private signal s and   and   are the upper and lower bound of the support of 

preference t. In a stranger-network,    = 1 and   = 0 while in a friend-network,   < 1 and 

  >0.   <1 and   >0 in both networks. Then in a stranger-network, it shows that 

limn→∞P(xn = S| In)s = 1 but limn→∞P(xn = S| In)f = c’ where c’ < 1. □ 

 

Proof of Proposition 2 

The general idea to prove this proposition is that when N = 1, P(V = 1| xn =1, ∀ n 

∊ N)s < P(V = 1| xn =1, ∀ n ∊ N)f. But when N goes larger, P(V = 1| xn =1, ∀ n ∊ N)s 

converges to 1 but P(V = 1| xn =1, ∀ n ∊ N)f converges to c where c < 1. Also, both these 

two probabilities are monotone increasing in N, P(V = 1| xn =1, ∀ n ∊ N) ≤ P(V = 1| xn 

=1, ∀ n ∊ N+1). Therefore, there are must be one point these two probabilities intersect 

with each other.  

To prove this proposition, there are several conditions that need to prove. The first 

is that P(V = 1| x1 =1)s < P(V = 1| x1 =1)f, which is already discussed in section 3.2. The 

second condition is that P(V = 1| xn =1, ∀ n ∊ N)s is increasing in N. This proof is very 

similar to the proof of monotone feature of making a correct inference in Proposition 1. 

To improve readability, I omit this proof. The detailed technical proof is available from 

the author upon request. The third condition is that as N goes to infinity,            

          ∀   ∊         Since P(V = 1| xn =1, ∀ n ∊ N)s is monotone increasing in N,  

and P(V = 1| xn =1, ∀ n ∊ N)s is bounded from [0,1]. Therefore, according to the 



72 
 

monotone convergence theorem, P(V = 1| xn =1, ∀ n ∊ N)s has a finite limit. The 

existence of the finite limit has been proved so far. Now I am proving that that as N goes 

larger, the finite limit of P(V = 1| xn =1, ∀ n ∊ N)s = 1.  

Let P(xn =1, ∀ n ∊ N |V = 1)s = a, P(xn =1, ∀ n ∊ N |V = 0)s = b, therefore, 

P(V = 1| xn =1, ∀ n ∊ N)s  = 
 

   
, P(V = 1| xn =1, ∀ n ∊ N+1)s  = 

 

   
 

where                            (1)   

                   (2) 

Let the sequence    
 

   
, therefore,   

       

  
    (3). Replace b by (3) in (1) 

and (2), I obtain 

                   

  
                  (4) 

  
       

  
    

       

  
         (5) 

Replace A and B by (4) and (5) in P(V = 1| xn =1, ∀ n ∊ N+1)s,      

                          

                           
            

  

 

Since as    , the sequence has a finite limit, thus       
   

 ,         
   

 ,  

Let        . Solve this equation, I get    . Therefore, I have proved that as 

   ,                      ∀   ∊       .  

Next I need to prove is that in a friend- network, as    ,                    

  ∀   ∊        , where c < 1.  
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From Section 3.2, we already know that P(V = 1| xn =1, ∀ n ∊ N, N ≥ 2)f =  P(V = 1| x1,2 

= 1 )f = 
   

 

 
      

      
  < 1.  

It can also be verified that P(V = 1| xn =1, ∀ n ∊ N)f is monotone increasing in N. □ 

 

Proof of Lemma 3 

An individual maximizes her expected utility given her information set In. If the 

expected utility from adoption is greater than 0, then she will adopt; otherwise she will 

reject. In other words, she will choose to adopt if 0]|)1([(  nn ItVE . Since tn does 

not depend on the information an individual has, thus the inequality is equivalent to

nn tIVE 1)|(  . )|1()|0(0)|()|( nnnn IVPIVPIVPIVE   . 

Therefore, for any individual, given the information set In she has, if the product of θ and 

conditional (posterior) probability that the value is θ is greater than the disutility 

(transportation cost as 1- tn) this individual will adopt. Otherwise, she will choose to 

reject. □ 

 

Proof of Proposition 4 

In the friend-network, to exclude uninteresting result, I only look at the range of t 

when 1 - θp < tn < 1 - θ(1 - p). This is because when tn < 1 - θp, the first individual will 

reject the product no matter what private signals she observes. Thus the first individual’s 

action does not reveal any information to later ones. Then the second individual will act 

as the first one. For the same reason, the second individual will reject regardless of her 
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private signals. So the third, fourth and so forth. Then in the whole friend-network, 

everyone will reject. Similarly, when tn > 1 - θ(1 - p), everyone in the friend-network will 

adopt.  

When 1 - θp < tn < 1 - θ(1 - p), the first individual will adopt after observing H 

and reject after observing L. Suppose the first individual adopts. Then if the second 

individual sees H, she computes the conditional probability that the product value is θ, 

P(V = θ|AH) = 
  

         
 > 1- tn. Therefore the second individual adopts as well. If the 

second individual sees L, she computes the conditional probability that the product value 

is θ, P(V = θ|AL) = ½. Here I narrow down the range of tn to 1 - θp < tn < 1- ½ θ. 

Symmetric results can be obtained when 1- ½ θ < tn < 1 - θ(1 - p). That 1 - θp < tn < 1- ½ 

θ is equivalent to the case when 1 - p < tn < ½ and tn = 1- ½ θ is equivalent to the case 

when tn = ½ in the main model of friend-networks in section 3.To avoid repetition, I refer 

the reader to the proof of Proposition 1, which is very similar. The only different is that θ 

has been added into the inequalities as a ratio.  

When 1 - θp < tn < 1- ½ θ, two adoptions (AA) are stronger signals indicating V = 

θ than two rejections (RR) indicating V = 0. This is because when 1 - θp < tn < 1- ½ θ, 

individuals lean toward rejections. Therefore, the second individual will adopt only when 

she observes an adoption and an H. But for RR to happen, it could be the second 

individual observes RL and rejects or RH and rejects with ½ probabilities.  

Table 1A summaries the third individual’s decision given her possible 

information sets when 1 - θp < tn < 1- ½ θ. Notice that “RA” will not happened because 

the second individual will reject if she observes adoption from the first person no matter 
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what signals she observes. This is due to the range of tn that makes individuals lean 

toward rejections.  

From Table 1A we can see that once the first two individuals choose the same 

decision, then the third individual will follow the previous decisions regardless of their 

private signals. This is very similar to the previous result in the main model.  

 

TABLE 1A The 3
rd

 individual’s decision given information In 

Information  Decisions 

AAH A 

AAL A 

RRH R 

RRL R 

ARH R 

ARL L 

 

Similarly from the stranger-network, we can get similar results to those in 

Proposition 1 in the main model. The only different is that θ has been added into the 

inequalities as a ratio. To avoid repetition, I refer the reader to the proof of Proposition 1. 

□ 
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APPENDIX B 

Product attributes assigned to the 4 products: 

Laptop: battery performance vs. volume of the hard drive 

Digital camera: battery performance vs. speed of shooting 

Printer: speed of print output vs. efficiency of toner usage 

Smart phone: interval memory vs. pixel of the camera 
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