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Abstract:
Consumers are uncertain about their preferences for innovative product attributes until the first trial. They
search for information as a means of reducing uncertainty and improving the likelihood that they will be sat-
isfied with their purchase. One way to receive information is through peer networks. As a peer network is
often a priori unknown, we conduct an experiment to solicit self-reported peer nominations. We compare two
mechanisms throughwhich peer networks operate: Strength of social ties and perceived peer expertise, to draw
inferences regarding consumers’ preference reversal after exposure to peer recommendations. Our results in-
dicate that perceived source expertise influences preferences while the closeness of social relationships has no
statistically significant impact.
Keywords: experiment, fitness tracker, peer influence, spatial modeling
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1 Introduction

Consumers make decisions in a world of uncertainty with imperfect information and only partially-formed
preferences for attributes they know little about. Their primary sources of information include advertising,
physical media, online media, and, perhaps most importantly, peers. Research in a range of fields shows that
peers are critical in shaping preferences and choices regarding, e.g. the popularity of otherwise-unheralded
movies (Moretti 2011; Reinstein and Snyder 2005), retirement plan participation (Duflo and Saez 2002, 2003a),
health-plan (Sorensen 2006), investing in the stock market (Hong, Kubik, and Stein 2004), and new product
purchases (Godes andMayzlin 2004, 2009). However, the exact mechanism throughwhich peers exert influence
on others is still not well understood. In this article, we investigate two different types of peer recommendations
on the revision of consumer preferences.

We restrict our attention to source expertise (Bansal andVoyer 2000; Gilly et al. 1998) and tie strength (Brown
and Reingen 1987; Gee, Jones, and Burke 2017; Granovetter 1973). Source expertise refers to the credibility of
a particular source of information. For example, recommendations provided by professionals and authorities
are often perceived as more credible. Tie strength refers to the closeness of the relationship between the indi-
viduals exchanging word of mouth (WOM). Logically, consumers are more likely to follow recommendations
from people whom they know and trust (Kremer and Levy 2008; Sacerdote 2001). However, others find that
weak ties between groups, somewhat surprisingly, provide the greatest impact (Gee, Jones, and Burke 2017;
Granovetter 1973). Weak ties can have a stronger effect because individuals tend to have weak ties with people
from backgrounds that differ from their own and are, therefore, more likely to provide new information.

The context for our investigation is peer influences on marketing an innovative technology product, fitness
trackers. Fitness trackers are small, wearable (worn attached by a clip or embedded into a wristband, necklace
or other attachment) devices that are intended to monitor movement, and other physiological metrics. Trackers
generally use accelerometers, that is, 3-axis inertial positioning sensors, to sensemovement and, combinedwith
other user information, calculate steps taken, distance walked, calories burned, and exercise intensity (Prince
(2014)). Fitness trackers represent an ideal product for studying the influence of others on consumer choices
because they are relatively new, innovative, and not well understood. Moreover, they are highly differentiated,
and this differentiation rests on a small set of important attributes. Activity trackers combine modern technol-
ogy with consumers’ health awareness, so they are at the nexus of two trends (technology and healthy lifestyle)
that improves the likelihood that our experiment-subjects have an inherent interest in the products themselves.

Di Fang is the corresponding author.
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Sales of fitness trackers are very strong. Statista estimates sales of all wearable trackers to be 4 billion US dol-
lars worldwide in 2015 (Statista.com 2018). Researchers foresee that this technology will have lasting effects on
health and wellness, patient care, and medical research (Prince 2014).

In this paper, we conduct a randomized two-stage experiment to measure the effect of peer-relationships
on preference changes. In the first stage, our experiment establishes a baseline preference for different fitness
trackers through a simple choice experiment. We then expose all subjects to information from their peers and
conduct a second-stage choice experiment to determine whether preferences change as a result of the new
information. With this two-stage approach, we effectively control for unobserved individual factors and isolate
the impact of peer influence (Narayan, Rao, and Saunders 2011). We use a spatial econometric approach to
identify the effect of source expertise and closeness, which are two important mechanisms identified in the
social-learning literature.

Wefind that credibility is associatedwith positive attitudes toward both the endorser and the advertisement,
consistentwith Freeman (1957), Pornpitakpan (2004), andMunnukka,Uusitalo, andToivonen (2016). In contrast
to the findings of Richards, Hamilton, and Allender (2014), we find people who are close in social space are not
likely to have a significant influence on each other. We interpret this finding as a manifestation of the more
general “weak ties” phenomenon.

Our study has a broader impact on understanding the influence of website reviews and in estimating the
value of different marketing techniques. As marketers increasingly employ social media to grow their busi-
nesses (Stelzner 2014), our research provides evidence on how social-network relationships shape market
growth for innovative products. For example, some brands create Facebook pages by filling out relevant in-
formation, posting updates, providing opportunities for customers to comment, and responding to comments
from customers. We suggest this approach is most likely to succeed by involving recommendations from peo-
ple who are experts in the relevant area, e.g. personal trainers for fitness tracker reviews. These activities will
likely generate important peer effects while shaping the brand’s social media identity and reputation as shown
in Ferguson et al. (2015), Parsons (2013), and Pinto and Yagnik (2017).

2 Theoretical Background

Peer effects, and social networks more generally are likely to influence individual behavior regardless of the
setting. In fact, the importance of peer effects has been examined empirically in the context of educational be-
havior (Hanushek 2003; Kremer and Levy 2008; Marmaros and Sacerdote 2002), crime (Billings, Deming, and
Ross 2016; Gaviria and Raphael 2001), teenage pregnancy (Arai 2007; Fletcher and Yakusheva 2016), and pur-
chase behaviors (Bollinger and Gillingham 2012; Narayan, Rao, and Saunders 2011; Richards, Hamilton, and
Allender 2014). In practice, marketers often attempt to account for peer recommendations when determining
the targeting and intensity of marketing activities. The idea is that the utility an individual receives from pur-
suing a given activity depends on the recommendations of the other people in the person’s reference or peer
group. Therefore, the microeconomic underpinnings of peer effects are clear and well-understood.

Individuals are indeed strongly motivated to reduce the amount of effort they exert during the decision-
making process in information-intensive environments. Therefore, their behavior may be directly influenced
by effort-saving, easily available cues such as peer recommendations (Smith, Menon, and Sivakumar 2005).
Prior research suggests that consumer choices arise from various information cues such as information via
websites (Mandel and Johnson 2002) or attributes that just happened to be included in the recommendation of
an electronic agent (Häubl and Murray 2003). If we find significant preference revisions in our experiment, the
implication is that participants indeed look for easy cues using peer recommendations to form their preferences
in an environment of uncertainty. Therefore, we propose that positive recommendations bymembers of a social
network are likely to influence other members’ behavior in the same direction.

Hypothesis 1
Peer recommendations will lead to preference revision for the recommended option if individuals regard the attribute

in question to be salient to the decision.

The decision to seek information from someonewhen facing a new problem or opportunity is likely affected
by the closeness between the seeker and her peers. Research on homophily suggests that people are more likely
to have social ties (especially strong ones) with those similar to themselves (Marsden 1990; Reagans 2005). Social
network researchers examine the role ofweak vs. strong ties in the acquisition of novel information. Granovetter
(1973) argues that, compared to strong ties, weak ties are more likely to bridge to socially distant regions of a
network. Subsequent research on the importance of weak ties demonstrates that they can be instrumental in
finding a job (Granovetter 1973; Gee, Jones, and Burke 2017), individual advancement (Morrison 2002), and
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diffusion of ideas (Rost 2011; Levin and Cross 2004). Hansen (1999), for example, demonstrates the importance
of strong ties in transferring tacit, complex knowledge across departmental boundaries in an organization.

We hypothesize that tie strength has a substantial effect on the influence of WOM communications (Brown,
Broderick, and Lee 2007; De Bruyn and Lilien 2008). Strong ties are more likely to transfer useful knowledge
(Levin and Cross 2004) and thus have more influence on others than do weak ties (De Bruyn and Lilien 2008;
Smith,Menon, and Sivakumar 2005). Therefore, it is reasonable to expect that a strong tie between an individual
and his or her peers is more likely to lead to preference revision than is a weak tie. We follow the previous
literature by defining tie strength regarding the social distance (relationship) between two participants (e.g.
Richards, Hamilton, and Allender (2014)). The relationship may be very close, for example, between relatives,
or very casual, such as with acquaintances or strangers. The second hypothesis that follows from this theory is
that:

Hypothesis 2
Preference revisions will be greater for strong ties than weak ties.

The information seeker is also likely to be influenced by her perception of another’s credibility when mak-
ing a decision about novel products. Knowledge of another person’s expertise is a standard variable in the
transactive memory literature, which identifies knowing where information is stored as a basic requirement
of performance in distributed-knowledge systems (Cross et al. 2006). A consumer’s subjective feeling of be-
ing influenced by the recommender may depend on how she feels about the recommender, or the perceived
source credibility (Smith, Menon, and Sivakumar 2005). Highly credible sources usually lead to more behav-
ioral compliance than low-credibility sources (Pornpitakpan 2004). The dimensions of source credibility consist
of expertise, which refers to the extent towhich a speaker is perceived to be capable ofmaking correct assertions
(Hovland, Janis, and Kelley 1953). Besides expertise, trustworthiness, defined as the degree to which an audi-
ence perceives the assertions made by a communicator to be true, is another important antecedent of behavior
that demonstrates credibility (McKnight, Choudhury, and Kacmar 2002).

We investigate how perceived recommender-credibility impacts consumer preferences. Those receiving in-
formation from opinion leaders associate the correctness of the information with their perceptions of the opin-
ion leader’s expertise in that particular domain (Feick and Higie 1992). Therefore, we expect that perceived
credibility, will positively influence a participant’s preference revision, so that:

Hypothesis 3
Perceived credibility is positively related to revisions in attribute preferences.

To test these hypotheses, we analyze peer effects using a two-stage randomized experiment. Through vari-
ation in the nature of the ties among participants, the level of credibility perceived to be associated with each
participant, and the levels of credibility in the recommender, we analyze how social relationships influence
preferences for product attributes. We describe the research design in the next section.

3 Research Design

3.1 Experimental Procedures

Lab experiments provide researcherswithmore control over the attributes of the sample and the environment in
which decisions are made. In a context similar to the one that frames our analysis, Narayan, Rao, and Saunders
(2011) use a two-stage conjoint choice experiment in which they measure participants’ willingness to pay for
electronic book reader attributes. They collected participants’ initial preferences in the first stage, then asked
them to identify their influencers. In the second stage, which took place two weeks later, participants were
shown the choices of their self-reported influencers and asked to choose from the same choice sets again bearing
in mind the choices of influencers. They found that peer influence caused subjects to significantly revise their
valuation of several attributes and that this influence grew with the number of peers. One limitation to their
experiment is that the waiting period between first and second stage was weeks, during which participants’
preferences could have changed for other reasons than the peer effect, or they could have forgotten why their
preferences were initially formed as they were.

We conduct a two-stage experiment following Narayan, Rao, and Saunders (2011). In general, a two-stage
design addresses some of the most important challenges presented in the elicitation of peer effects. First, we
choose student participants based on their dorm assignment, which is unrelated to their preferences for fitness
trackers. Second, we collect information on participants’ social background and social proximity to control for
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unobserved correlation effects. Third, measuring respondents’ preferences in two stages provides an oppor-
tunity to identify endogenous peer effects, independent from any other influence that may have caused the
observed preference revisions between the two stages.

We recruit subjects randomly from the population of students, as is necessary to identify pure peer effects.
Random assignment ensures that the difference in responses between the treatment and the control groups is
due to the treatment alone, and not some pre-existing conditions that could have caused behaviors among
group members to be similar. Participants in the experiment are recruited from their dormitory, which is
matched on major, preference, and personality, then randomly assigned into a control or treatment group.
This way, we allow social ties among participants but the fact that they may be classmates is unrelated to their
preference for fitness trackers (see a similar argument in Duflo and Saez (2003b)).

In the treatment groups, participants were exposed to peer discussion between stages 1 and 2. Hence, the
treatment effect measures the extent of peer influence, relative to the control in which no peer influence is al-
lowed. In a typical treatment group, participants were asked to talk about their choices as well as what attribute
influenced their choice. Following the discussion, participants were asked in stage two to again make their pre-
ferred choices between alternatives from the same choice sets as in stage one. Participants in the control groups
were not allowed to discuss their choices but were instead asked to read an article on an unrelated topic. Di-
verting their attention from the task at hand was intended to take participants’ mind off the choices from stage
one. After reading the article participants also made their stage two choices. Both the peer discussions for the
treatment groups and the reading for the control groups took 10 minutes. The entire experiment took approx-
imately 35–40 minutes. After the choice experiment in stage two, socio-economic and demographic data were
collected.

We chose fourmajor brands of fitness trackers on the basis of popularity: Nike, Fitbit, Jawbone, and Garmin.
A Google shopping search revealed that reasonable price points include $49.99, $99.99, $129.99, and $199.99.
Priced at $49.99, the JawboneUpClip on tracker attracts price-sensitive consumers. This type of tracker provides
the basic function of tracking calories but is limited by its design because the clip-on is not particularly well
suited to intense exercise such as running. With slim wristband designs, Fitbit, Jawbone, Nike, and Garmin
all have trackers that are priced at $99.99 and $129.99. Newer versions are introduced every year. Thus, older
trackers are priced below the new models. Also, trackers that add emerging functions, such as sleep pattern
tracking, are usually priced slightly higher. Trackers that are priced at $199.99 and above are often equipped
with superior functions. Trackers also vary in style, from watch-type to wristband, and clip-on. Functions vary
as the market has not yet settled on the core purpose of fitness trackers. For a systematic review of fitness
trackers as well as its attributes, please refer to Evenson, Goto, and Furberg (2015). An example of a choice set
is presented in Table 1.

Table 1: Sample Choice Sets.

A B C D E

Brand Garmin Jawbone Nike Fitbit
None of theseDesign Clip-on Watch Wristband Clip-on

Function Calorie + Sleep
Tracking

Calorie Tracking
+ GPS

Calorie Tracking
+ Messaging

Calorie Tracking
+ Messaging

Price $99.99 $199.99 $129.99 $49.99
Choice

Participants were required to be over the age of 18, students, and able to communicate in English. Among
the 80 invitations sent out, 63 participants completed the experiment in a useable way, leading to a turnout
rate of 78.75%. A total of 63 participants completed the experiment and assigned to two treatment groups and
two control groups. Each participant provided 120 observations, resulting in a total of 7560 observations. We
follow Hensher, Rose, and Greene (2005) in determining whether n = 63 is an acceptable sample size. The
minimum threshold for an acceptable sample size is calculated as 𝑛 = 1−𝑝

𝑝𝑎2 [Φ−1(1 − 𝛼/2)]2, where p is the
choice proportion of the relevant population, a is the level of allowable deviation as a percentage, α is the type
I error, and Φ−1 is the inverse cumulative distribution of a standard normal distribution. Assuming they are
equally likely to be chosen, the choice proportion p = 1/4 = 0.25. The choice of accuracy is somewhat subjective
under the rule that the more accurate the estimates are the larger sample is required. If the desired level of
accuracy is 30% from the mean (a = 0.3), then the required sample size is 65, approximately the sample we
have. This is a reasonable sample size in social-networking experiments as samples are necessarily small due
to the computational difficulty in estimating with large social weight matrices, and the practical necessity of
ensuring that each participant can plausibly assign relational values to all others.
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3.2 Gathering Relational Data

We gathered datameasuring friendship and credibility. Variation in “friendship” identifies tie strength because
stronger ties characterize people who are closer to each other. We follow the relationship measure of Richards,
Hamilton, andAllender (2014) where tie strength is defined as howwell the participants know each other, rated
on a 5-point scale ranging from “Do not Know” (tie strength = 1) to “Know Very Well” (tie strength = 5). The
second set of relationship data collected is “perceived credibility.” Variation in “perceived credibility” identi-
fies source credibility (perceived expertise and trust) because people who are viewed as credible information
carriers serve as opinion leaders, whose opinions are thought as more important. We measure source credi-
bility by asking participants to report how credible they think each of the other participants is. Credibility is
measured on a 5-point scale from “Not credible” (credibility = 1) to “Very credible” (credibility = 5) (Bannister
1986; Pornpitakpan 2004).

We carefully evaluated the difference between friendship and credibility by performing a correlation test as
well as a two-sample t test. A significant correlation of 0.53 (p < 0.001) indicates there is some overlap between
the twomeasurements. This is to be expected as a friend is often deemed as a credible source. A t statistics of 6.28
(p < 0.001) between themean of the twomeasurements indicates they captured inherently different information.
To visualize the difference, we take a sample of 20 participants and illustrate their credibility network in Figure 1
and friendship network in Figure 2. Both graphs are displayed based on centrality and participants with similar
centrality are grouped by the same color. An arrow indicates the direction of the relationship as the network is
not necessarily symmetric. As illustrated, participant 9 is the hub of the credibility network, even though she is
not connected with anyone by friendship. Participant 5, on the other hand, is considered as highly credible by
her peers even though she deems everyone else to be not credible (as shown by the one-directional arrows).

Figure 1: Sample Network for Credibility.
Note: Nodes are grouped by color based on betweenness centrality. The width of link indicates degree of credibility.
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Figure 2: Sample of Friends Network.
Note: Nodes are grouped by color based on betweenness centrality. The width of link indicates degree of friendship.

Besides relationship data, we also collected socio-demographic information as controls. A description of
the sample characteristics is presented in Table 2. The sample consists of mostly junior and senior business
and engineering students. participants average 20.59 years of age, relative to the state mean of 37.2. A younger
sample is to be expected because it consists entirely of students. Further, 28.6% of the sample is female compared
to the state mean of 50.6%, but representative of the majors on the surveyed campus. The sample contains
46% White, 21% Asian, 16% Hispanic, 2% of Native American, and 7% other races. Only 17.5% of the sample
own an activity tracker. Our sample is relatively active with 25.4% working out every day; while the majority
(52.4%)work out at least once aweek. On average, participants spend $187 annually on sports-related purchases
with a standard deviation of $146. The frequency of purchases lies mostly in the category of “once every 3
months.” The average BMI is 24.39, which is within the normal range of weight/height ratio. Our sample shows
that the majority (54.3%) has an income of less than $39,000/year, while the rest has an income of more than
$40,000/year. Comparing to the average income of Arizona at $48,510 and the average income of the nation at
$52,250 (U.S. Census Bureau 2015), the sample income is below average but representative of a student sample.

Table 2: Descriptive Statistics for the Sample.

Variable Definition Frequency % Mean Std. dev

Gender Gender of participant 0.29 0.455
Female = 1; Male = 0

Age Age in years 20.59 2.519
Annual household income Total household income

Less than $10,000 33.3
10,000 to 19,999 10.5
20,000 to 29,999 10.5
30,000 to 39,999 0
40,000 to 49,999 3.5
50,000 to 59,999 8.8
60,000 to 69,999 12.3
70,000 to 79,999 5.3
80,000 to 89,999 0
90,000 to 99,999 3.5
100,000 to 149,999 7
More than $150,000 5.3

Workout frequency How often do you work out?
Every day = 5 25.4
At least once a week = 4 52.4
Once every other week = 3 11.1
Once a month = 2 6.3
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Once a few months or less
often = 1

4.8

Purchase_freq How often do you purchase
sports goods?

(purchase frequency) At least once a week = 5 4.8
Once a month = 4 17.5
Once every 3 months = 3 34.9
Once every 6 month = 2 27
Once a year or less often = 1 15.9

Purchase_expPurchase
expenditure

How much money do you
spend sports goods?

187.3 146.179

Tracker ownership Yes = 1; No = 0 0.17 0.383
BMI 24.396 6.79
Ethnicity White 0.46 0.502

Hispanic 0.16 0.373
Native American 0.02 0.128
Asian 0.21 0.413
Other 0.07 0.25

4 Models

4.1 Random Parameter Logit Model

The objective of the experiment is to elicit changes in preferences due to peer interaction. Because we are in-
terested in preference changes from stage one to stage two, our first econometric model estimates the change
in preference, as manifested in willingness-to-pay (WTP) between stage one and two. Our second econometric
model then analyzes the change in WTP with respect to two different types of peer interactions with a spatial
econometrics model. In the following, we discuss the random parameter logit model (RPL) employed to derive
willingness-to-pay, as well as the Spatial Durbin Model (SDM) employed to study the peer effects induced by
tie strength and perceived expertise. We start with the utility function where

𝑈𝑖𝑞 = 𝛽′
𝑞𝑋𝑖𝑞 + 𝜂𝑖𝑞 + 𝜖𝑖𝑞 (1)

where Xiq is the full vector of explanatory variables that are observed by the analyst, including attributes of the
alternatives, and variables that describe treatment and stage effects. Vector 𝛽′

𝑞 is parameter estimates associated
with Xiq. Parameter ηiq is a random term with zero mean whose distribution over individuals and alternatives
depends in general on underlying parameters and observed data relating to alternative q and individual i.
Finally, ϵiq is a random term.

The explanatory Xiq variables include Garmin, Jawbone, Nike, and Fitbit that represent the four different
brands; Clip-on, Wristband, and Watch that represent the different fitness tracker designs; dummy variables
that capture the ability to record calories only (Cal), sleep patterns (Sleep), text and email messages (Msg), and
recording workout routes with the aid of a Global Positioning Satellite (GPS); and the Price variable. Besides
the attributes, we also include interaction variables to capture the difference between stages as well as treat-
ment effects. Stage interactions variables are the product of a stage binary variable and all attributes, indicating
whether there exist significant differences between stages. These interactions will help reveal whether there
exist treatment effect in the second stage.

The choice probabilities associated with the RPL is:

𝑃𝑖𝑞(𝑋𝑖, 𝑧𝑖) = 𝐿𝑗𝑞(𝛽𝑞|𝑋𝑞, 𝜂𝑞)𝑓 (𝜂𝑞|𝑧𝑞)𝑑𝜂𝑞 (2)

where Ljq is the conditional probability of choosing option j. Flexible substitution is introduced through the
random parameters, specifying each element of βq associated with an attribute of an alternative as having a
mean, a standard deviation, and possibly ameasure of correlationwith another randomparameter. By allowing
marginal attribute valuations to vary across sample participants, we are able to determine how preferences are
influenced by exposure to the choices of others.

Following Hensher, Rose, and Greene (2005), we allow the marginal utility of the income (price parameter)
to vary randomly with a triangular distribution. The randomness in the RPL allows for estimation of individ-
ual tastes. Specifically, individual-specific willingness to pay estimates are calculated by dividing the attribute
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estimate of interest by the marginal utility of income estimate. For example, the willingness to pay for Garmin
trackers is found as:

Δ𝑊𝑇𝑃𝑖 = −
𝛽𝑠𝐺𝑎𝑟𝑚𝑖𝑛

𝛽𝑝𝑟𝑖𝑐𝑒,𝑖
(3)

Differences between first and second-stage valuations may be positive or negative, depending on the nature
of the information received between the two sessions. However, we are more interested in how preferences
are moderated by social interaction than the direction of change. Comparing the first and second stage RPL
estimates and WTP revisions does not address the issue of how the definition of peers affects preference re-
vision. Therefore, we estimate the extent of preference revision as moderated by each participant’s location in
the social-spatial network in our second econometric model.

4.2 The Spatial Model

Spatial models are used to estimate preferences in a social environment because they are non-linear in structure
and account for simultaneous interactions among individuals throughweightmatrices (Anselin 2002; Richards,
Hamilton, and Allender 2014). Moreover, the natural exclusion restrictions implied by the social network struc-
ture ensure the separate identification of endogenous and contextual peer effects (Lin 2014).1 In our case, the
spatial weight matrices are the credibility network and friendship network.

We apply a spatial lag model with lagged error specification2 to measure peer variables as the weighted
averages of observed peer outcomes and characteristics instead of group expectations. Both peer outcomes
and peer characteristics are specific to the individual and vary across group members. The spatial error term
captures unobserved spatial patterns therefore accounting for the unobserved heterogeneity in consumer tastes.
The model is written as:

Δ𝑊𝑇𝑃𝑖𝑞 = 𝛼 + 𝜌
𝑛

∑
𝑗=1

𝑤𝑖𝑗Δ𝑊𝑇𝑃𝑗ℎ + 𝑦𝑖𝑞𝛽 +
𝑛

∑
𝑗=1

𝑤𝑖𝑗ℎ𝑖𝑞𝛾 + 𝑢𝑖𝑞 (4)

where

𝑢𝑖𝑞 = 𝜆 ∑ 𝑤𝑖𝑗𝑢𝑖𝑞 + 𝜀𝑖𝑞 (5)

ΔWTPiq is the difference in preference between stage one and two for each individual; yiq are individual char-
acteristics related to the purchase of fitness trackers; hiq are individual characteristics averaged over the group;
wij is the ij element of a row-standardized, zero diagonal weight matrix that captures the network structure
where i and j are different individuals. The error term in the model uiq captures the unobserved effects that
vary according to a social network wij. εiq is an idiosyncratic error term.

We interpret the parameter ρ as the endogenous peer effect. As shown in the equation, ρ is the average
effect of one’s social network (excluding oneself) on the decision of the focal person.3 The absolute value of ρ is
bounded by 0 and 1: a negative value of ρ indicates a consumer is negatively influenced by her peers, whereas
a positive value of ρ indicates the consumer follows her peers’ decisions. To control for the other effects that
could have contributed to peers making a similar decision, as suggested by Manski (1993), we use γ to capture
the contextual effect and λ to capture the unobserved, correlated effect.

The structure of the weight matrix, ∑wij, is essential to estimating peer effects with this model. A weight
matrix is a n by n matrix where an observation appears both as a row and column, with non-zero matrix ele-
ments wij indicating the peer relationship between participants (row) i and (column) j. We use two set of spatial
weight matrices: Wfriends that describes the tie strength, and Wcred that describes the source expertise of network
members. These two weight matrices essentially represent two different mechanisms through which prefer-
ences may be revised through social interaction. Wfriends captures tie strength in which preferences are revised
through established social distance between individuals; Wcred captures “source credibility” in that revisions
are moderated by the extent of credence individual i lends to individual’s j’s comments regarding the prod-
uct. We follow Anselin (2002) and apply the Maximum Likelihood method to analyze our data with the splm
package in R (Millo and Piras 2012).
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5 Results

Participant-specific WTP for all attributes is also calculated and presented in Table 3. Prior to any peer influ-
ence, participants have the highest WTP for GPS capacities, followed by watch design and sleep capacities.
After learning about peers’ experiences with fitness trackers, and being informed about their preferences, the
participants’ WTP significantly decreased for GPS andwristbands and, at the same time, increased for all brand
attributes. Among the other revisions, one notable result is that, prior to peer influence, the average WTP for
wristband design is positive ($129), whereas the WTP for the same design drops (by $152) below zero after
peer influence. This shows that peer influence negatively affects choice on wristband design. For example, par-
ticipants may have discussed the disadvantages of a design that prevent people from wanting to include this
attribute. Table 3 shows that peer recommendations positively enhanced brand knowledge. All brand attribute
preferences (Garmin, Nike, and Jawbone) are revised higher after peer influence compared to the baseline (Fit-
bit), with Garmin being revised higher by $95, Nike revised by $36, and Jawbone revised by $63.

Table 3: Participant-Specific Marginal WTP by Attribute.

Pre-influence Difference in WTP

Mean WTP Std. err Mean WTP Std. err

Garmin 39.2900* 25.7862 94.6470* 23.4557
Nike 63.0608* 53.1249 36.2421 23.5743
Jawbone −5.9432 46.0103 62.8538* 40.8843
Watch 155.6978* 134.9679 −79.4125* 51.6551
Wristband 129.1619* 80.9048 −151.9357* 98.829
Sleep 149.5709* 94.4735 −137.622* 89.5187
GPS 159.9482* 123.1506 −175.8147* 114.3615
MSG 105.2684* 75.6572 −87.2695* 56.7658

***, **, * indicate statistically significance at 0.1, 1 and 5 per cent level respectively.

Participants also exhibited a willingness to change preferences for design. For example, the WTP for the
watch-style attribute after peer interaction is revised to be lower by $79. In the same way, the WTP for the
wristband style after peer recommendations is negative. WTP for all functions is revised lower after peer rec-
ommendations. WTP for the function of tracking sleeping patterns is reduced by $138, the WTP for the GPS
function is reduced by $176, and the WTP for the messaging is reduced by $87. Clearly, peer communications
discouraged participants from paying for additional functions. In general, peer discussions lead participants to
be more brand-conscious and discouraged participants from paying for specific additional function.

Results from the spatial model are presented in Table 4.4 We use the Lagrange-Multiplier statistic (Anselin
2002) to test whether the variation in preference revision can be explained by our two types of social peer matri-
ces: tie strength or perceived expertise. In the case of tie strength, the LMvalue is 0.6919, smaller than the critical
value, meaning that consumer preferences do not depend on peers that are defined through friendship. On the
other hand, the LM statistics for spatial lag (3.0414) and spatial error (3.2679) using peers defined by “source
credibility” are both significant, rejecting the null hypothesis of an OLS in favor of both spatial lag and error
specification. This means that source credibility is able to explain the causal relationship between consumer
preferences and peers’ preferences as well as the unobserved correlations. Based on these tests we conclude
that consumers indeed depend on their peers (who they perceive as credible) for recommendation and that
there exist unobserved correlations that cause consumers to arrive at the same choices. Based on these results,
we reject the notion that preference revisions will be greater for friends and support that perceived credibility
is positively related to revisions in attribute preferences. The distinction is important, as it suggests that when
facing innovative products, consumers do not turn to their friends for recommendations but rather people
who they perceive as having expertise on the product. This extends the literature on proximity by identifying
relational mechanisms through which social propinquity leads to information exchange.

Table 4: Results of Spatial Models.

Explanatory variables OLS t Tie strength z-value Source
expertise

z-value

Purchase −0.0699 −1.93703 −0.056 −1.4432 0.0308** 1.9893
Workout 8.7206 1.6808 5.75 0.9729 7.606 0.1301
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Tracker 0.0611 0.0444 5.5335 0.3884 9.2621 0.483
BMI −1.1913 −1.3878 −1.375 −1.518 0.7832* 1.6384
Contextual effects
Age 0.1628** 2.5931 0.0039 0.0495 −0.0496* −2.323
Gender −2.0359* −1.3344 2.875 1.1848 0.7100* 1.9359
Income −0.0001 −1.6211 0 −0.712 0 0.6147
Endogenous effect

NA NA 0.8125 1.032 0.8505* 3.5559
Unobserved effect

NA NA 0.605 0.4367 0.3977 0.5035
Fixed Group effect
Treatment −35.9161 −1.4364 −5 0.1779 23.8401* 2.7842
Model Fit
Log likelihood −314.668

p-value p-value
LM(lag) 0.6919 0.2549 3.0474* 0.0808
LM(error) 1.2959 0.5041 3.2679* 0.0706

***, **, * indicate statistically significance at 0.1, 1 and 5 per cent level respectively.

Our finding is consistent with Granovetter (1973) in that “weak ties” rather than “friends.” Take participant
9 as an example – a stranger in a social network can be more influential as long as she is considered credible.
Peoplewhohave close social proximity are likely to share similar information, so they are not the best candidates
for new product promotion. From a marketing perspective, this finding explains why online practices such as
Yelp and TripAdvisor are successful because they rely on expertise and experiences from strangers to promote
their products and services. Since influential individuals are not necessarily close friends, this finding highlights
a notable difference between traditional marketing procedures, where WOM plays an important role, and the
more current, viralmarketingwhere online recommendations are given by anyonewho is perceived as credible.
Our finding is similar toGodes andMayzlin (2004), who demonstrate that it is the less loyal customers instead of
themost loyal customers who provide influentialWOM. In a similar manner, our results suggest that marketers
should get out of the traditional word-of-mouth marketing where friends recommend friends, and instead
should target those who are credible representatives of the product.

Two contextual effects were found to be significant: age and gender. Age is negatively related to the WTP,
as participants who are younger are likely to be more fitness aware. Gender is positively related, meaning that
males are less likely to pay a higher price. Income, on the other hand, does not show a significant relationship
with consumers’ preferences for fitness trackers. This notion can be explained that for each brand it has a range
of trackers that satisfy consumers of different income levels, therefore indicators such age and gender that
identify with certain traits of a fitness tracker turn out to be determining factors. Identifying the relationship
between contextual factors and preference revisions is important because contextual factors help marketers
target a group of people with a similar background.

6 Conclusion and Discussion

Relationships are important ways for consumers to acquire information given that the creation of knowledge
is a social process. When consumers are considering the purchase of innovative, new products, little is known
prior to the release of truly newproducts. Despite the importance of social interaction as a vehicle for knowledge
acquisition and extensive literature on peer effects, limited research has made an effort to investigate how peers
influence the adoption of innovative products. This article offers evidence as to how consumer preferences are
revised through peer recommendations in the context of fitness trackers.

We use a two-stage experiment to examine preference revision via peer recommendations.We detect factors
that are important in consumers’ choices of fitness trackers. Among which, the brand is a general representa-
tion of specific attributes and consumer recognition embodied in fitness trackers. We find that brand-related
information such as design, function, and price are significant when consumers choose to buy fitness trackers.
However, brand serves as a representation of all traits when consumers revise their preference according to peer
recommendations. That is, when consumers seek information from their peers, they tend to generalize certain
attributes or make the connection between the brand and other people (peers)’ the discussion of attributes. This
finding sheds light on how marketers can best use peer networks to promote innovative new products. That
is, instead of promoting specific attributes of a fitness tracker, marketers should link the innovative feature to
the brand in general. For example, Garmin is the top brand in GPS. When promoting Garmin fitness trackers,
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instead of emphasizing on the perks of the GPS function itself, the marketer could link Garmin fitness trackers
with excellent GPS performance compared to other brands.

Identifying the effect of peer relationships on consumer choice is a matter of both experimental design, and
econometric estimation. In this study, our experiment is random in the sense students who are sampled are
based on their preferences for academic majors, which should not correlate with their preferences for fitness
trackers. Our econometric model is non-linear while addressing two different mechanisms of peer recommen-
dations. Peer recommendations work through the social proximity among members of the network. Such in-
teraction is spatial and simultaneous in nature, which calls for spatial models. Spatial models allow for peer
recommendations to enter through a weight matrix that addresses interrelationships, and yield true peer effect
as a result.

We find that credibility is more important inmoderating social learning than social proximity. This provides
evidence that individuals who are perceived to have expertise on the product rather than those they are friends
with. Consistent with Granovetter (1973)’s expectation that weak ties exhibit stronger interpersonal effects than
do strong ties, we find that consumers do not revise their preferences according to how well they know each
other, but rather how credible they perceive their peers to be. Because our research products are fitness trackers,
peoplewho are perceived to be credible are thosewho dressed in gymgear, are physically fit, and have previous
experiences with fitness trackers. These people serve as “hubs” in the network as they are the influencers. In
the broader sense of marketing, individuals who are perceived to have professional and credible opinions of
the subject of matter should introduce new products, rather than close friends and family.

Although this study is conducted in the context of fitness trackers, our approach is applicablewhen studying
other products that are innovative in nature and can be recommended via source credibility. Future research
can extend this study in a number of ways: first, we did not consider information externalities, which could
be another application of the data. Also, we used a choice-based conjoint experiment, which provided many
observations from the same individual but suffers from the fact that attribute values do not vary over time.
Replication with different items that vary in terms of their attribute content would help identify the model
from this perspective.
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Notes
1 In particular, for the linear-in-means model, peers’ outcomes are measured by group mean outcomes, and peers’characteristics are
captured by group mean characteristics. Both measurements are group-specific and constant for all members of the same group. The
consequence is that these two terms are linearly dependent, and the endogenous effects cannot be separated from the contextual effects.
In the non-linear model we use, however, there is enough variation across individuals in the group, therefore enable us to identify both
endogenous and exogenous effects.
2 Please refer to Chapter 2 of Elhorst (2014) for details of different spatial model specifications.
3 The interpretation of ρ as peer effect is discussed extensively in Elhorst (2014), Anselin (2002), and Lin (2014)
4 Given limited space, the full set of results of OLS, RPL, and spatial models for each attribute with alternative weight matrices can be
provided upon request.
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