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Abstract

We investigate the role of heterogeneous peer e¤ects in encouraging healthy lifestyles.
Our analysis revolves around one of the largest and most extensive databases about
weight loss that track individual participants�meeting attendance and progress in a
large national weight loss program. The main �nding is that while weight loss among
average performing peers has a negative e¤ect on an individual�s weight loss, the cor-
responding e¤ect for the top performer among peers is positive. Furthermore, we
demonstrate that our results are robust to potential issues related to selection into
meetings, endogenous peer outcomes, individual unobserved heterogeneity, lagged de-
pendent variables, and contextual e¤ects. Ultimately, these results provide guidance
about how the weight loss program should identify role models.
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1 Introduction

Healthy lifestyles are valued by customers and �rms alike. In addition to direct behavioral

interventions (e.g., Hagen, Krishna, and McFerran, 2016), such lifestyles may in fact prop-

agate throughout a social network via interactions and peer e¤ects, as indicated by past

research showing peer e¤ects in health outcomes (e.g., Christakis and Fowler, 2008). How-

ever, not all peers are alike, and thus, each peer�s impact on others within the group need

not be homogeneous. In light of this heterogeneity, how should �rms identify role models in

their e¤orts to promote healthy lifestyles?

Our research studies the impact of heterogeneous peer e¤ects under the context of a

large weight loss program in the United States, where social support from peers may play

an important role in weight loss. The weight loss industry in the US is particularly large

and generates about $20 billion each year from over 100 million dieters. From a commercial

weight loss program�s perspective, customer-centric program design policies aimed to shape

and optimize the interactions between participants may have a positive impact on the level

of engagement. Most importantly, customer satisfaction and development will likely be

tied to the perceived performance of the program (e.g., Anderson, Fornell, and Lehmann,

1994; Kumar, Umashankar, Kim, and Bhagwat, 2014) as re�ected by sustainable weight loss

progress.

Heterogeneous peer e¤ects have potentially large implications in the weight loss context.

As weight loss can be thought of as a personal goal, there are often peers that are dispropor-

tionately more instrumental or focal in a¤ecting the ability or motivation to reach the goal

(e.g., Fitzsimons and Fishbach, 2009). For example, information disclosure about (relative)

performance likely has an impact on motivation (e.g., Karlsson, Loewenstein, and Seppi,

2009; Lockwood et. al., 2005). The weight loss program then has to decide what informa-

tion about peer performance should be disclosed. If we think of the weight loss program as

a form of health education, then past insights in education and psychology would suggest

motivation is delicate and quite sensitive to social comparison (e.g., Blanton, Buunk, Gib-
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bons, and Kuyper, 1999; Rogers and Feller, 2016); furthermore, the fact that individuals

can make either upward or downward comparisons with others would suggest the possibility

that social comparisons may be heterogeneous (e.g., Buunk and Gibbons, 2007).

For our empirical analysis, we are able to track each participant�s weight loss progress at

a high frequency for more than a million users, as well as their group meeting attendance.

At these meetings, participants weigh-in, interact with other weight loss participants, and

consult with a weight-loss mentor. With this data, we investigate the impact that peer

weight loss has on an individual�s weight loss success. Based on a variant of the standard

linear-in-means peer e¤ect framework (Brock and Durlaf, 2001; Manski, 1993), we allow

the peer e¤ect to be heterogeneous across performance groups by categorizing peers at a

given meeting as best, average, and worst performers (relative to those attending the same

meeting).

A few key �ndings emerge. Our estimates demonstrate that the average weight loss

among peers has a negative (i.e., discouraging) e¤ect on an individual�s own future weight

loss. In contrast, we �nd that weight loss of the top performer has a positive (i.e., en-

couraging) e¤ect on an individual�s own future weight loss. Such �ndings have implications

on how weight loss program employees at the meetings promote the past successes of their

participants, as the successes among average participants may act as a discouraging bench-

mark that roughly half of the participants will fail to reach, while the successes among top

performers may act as an encouraging target that does not alienate as many of the partic-

ipants. Furthermore, we demonstrate that our results are robust to potential issues related

to selection into meetings, endogenous peer outcomes, individual unobserved heterogeneity,

lagged dependent variables, and contextual e¤ects.1 Based on our estimates, we later dis-

cuss implications of our �ndings on meeting design for the commercial weight loss program

1To address issues about selection and endogeneity, we make use of a combination of instrumental variables
and selection correction (Olsen, 1980). The instrumental variables are constructed using detailed information
about each participant�s physical distance to the meeting locations along with location-speci�c weather
patterns (i.e., temperature, precipitation). Furthermore, selection correction is implemented by including a
control function.
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in terms of content and composition. Regarding the content, the meeting leaders can, for

example, use the weight loss successes of top performers provide inspiration to the group,

and perhaps avoid using the overall group�s success as the benchmark. Moreover, the weight

loss program can design composition of groups of meeting participants that would maximize

the encouraging e¤ects of top performers and minimize the discouraging e¤ects of average

performers.

This study is related to past work that aims to identify heterogeneous peer e¤ects. In

particular, marketing research has demonstrated that the strength of peer e¤ects may di¤er

depending on the peers�spatial proximity (e.g., Bell and Song, 2007; Bollinger and Gilling-

ham, 2012; Choi, Hui, and Bell, 2010; Gardete, 2014; Manchanda, Xie, and Youn, 2008),

observable physical characteristics (e.g., McFerran, Dahl, Fitzsimons, and Morales, 2010a,

2010b; Park and Manchanda, 2014), intra-group relationship (e.g., Narayan, Rao, and Saun-

ders, 2011; Yang, Narayan, and Assael, 2006), and level of opinion leadership or network tie

strength (e.g., Aral and Walker, 2014; Godes and Mayzlin, 2009; Iyengar, Van den Bulte, and

Valente, 2011; Nair, Manchanda, and Bhatia, 2010). The aforementioned work in market-

ing has studied e¤ects of heterogeneous peer actions under the context of product, service,

technology, and media consumption. In contrast, we are studying the e¤ect of heterogeneous

peer outcomes, in the form of their past weight loss performance. We believe our empirical

context is uniquely well-suited to help us identify encouraging role models as the peer out-

comes are a re�ection of their weight loss abilities and e¤orts, which brings us to the second

stream of literature that our work is related to.

In social psychology, researchers have investigated the impact of social comparisons with

high-performing peers on self-evaluation. Some notable examples include Brewer and Weber

(1994) and Pelham and Wachsmuth (1995). Collectively, these studies have demonstrated

that top performers can either be encouraging or discouraging. For example, a top per-

former may help provide additional motivation to achieve similar accomplishments; but on

the other hand, top performers may be demoralizing and lead individuals to think that their
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achievements are inadequate. Taken together, the fact that behaviorally top performers can

either be encouraging or discouraging provides further justi�cation that the impact of top

performers remains an important empirical question. This past work has largely been con-

�ned to behavioral experiments, so we complement this literature by providing insights using

a very large data-set from a large commercial weight loss company. Distinguishing qualities

of our data-set include rich variation in meeting attendance along with the distribution of

peer performance from one meeting to the next; we believe such data qualities would be

di¢ cult to achieve in a laboratory setting.

This paper proceeds with the following structure. We �rst provide a detailed descrip-

tion of the empirical setting in Section 2, along with information about key data variation

in meeting composition and peer outcomes. Our empirical analysis of heterogeneous peer

e¤ects is presented in Section 3, where we �rst present our empirical and identi�cation strat-

egy, followed by a discussion of our main �ndings, robustness checks, and exploration of

moderating e¤ects. We then conclude in Section 4 with a brief discussion of managerial

implications and future research possibilities related to our study.

2 Empirical Setting

2.1 Details About Weight Loss Program

Our analysis uses data from a large national weight loss program with nearly two million par-

ticipants. The weight loss program is based in the United States, and generated about $1.7

billion in revenue during 2013. Unlike some of the other popular diet programs, the weight

loss program we study does not explicitly restrict certain food groups (i.e., carbohydrates,

fat, sugar, protein). Instead, they adopt a calorie budgeting system, which gives participants

the freedom to eat any type of food, provided that they do not exceed their allowed calorie

budget (which may increase with exercise). A unique feature of the weight loss program is

that participants attend meetings and interact with other participants. Furthermore, this
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program�s e¢ cacy has been validated via numerous scienti�c and independently conducted

studies.

In-person group meetings are an important component of the weight loss program. In

addition to keeping track of weight loss progress, individuals have an opportunity to interact

with their peers and group mentors. To get more information about the meetings, we reached

out to company representatives both via phone and in person. During a call to the weight

loss program�s headquarters on July 19, 2016, one of the authors asked about what activities

occur during each meeting, and the membership sales representative said that �sharing of

experiences with other members�is the primary and critical purpose of the meeting. There

may also be discussions about weekly topics, but in general, the purpose is to allow members

to be inspired and hopefully bene�t from the experiences and successes of others. Meetings

are typically 30 minutes long, where the �rst 10 minutes are used by the weight loss mentor

to discuss general tips about healthy lifestyles, and the remaining 20 minutes are normally

allowed for social interactions. It is common to go around the room to give every participant

an opportunity to share his or her weight loss experience in the past weeks or so. Virtually

all participants are voluntarily transparent with one another about speci�cs of their weight

loss progress (i.e., changes in weight, things that did and did not work for weight loss).

Furthermore, there are no systematic e¤orts (during the period we study) to showcase the

successes of certain individuals in the group. That is, a participant in the meeting is exposed

to the entire distribution of peer outcomes. On November 29, 2016, one of the authors was

given permission to attend a meeting, and his observations are consistent with the details

provided during the conversation with the membership sales representative.

2.2 Descriptive Patterns in the Data

2.2.1 Weight Loss

To see what a typical weight loss participant looks like, Table 1 provides the summary

statistics for our sample. From this table, we see that a typical weight loss participant is
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about 85 kilograms, 65 inches, 51 years old, and female. Note that the average weight for

an American female over 20 years old is about 75 kg according to the Centers for Disease

Control and Prevention (CDC). Furthermore, the average body mass index (BMI) in our

sample is a bit over 31, while a healthy BMI ranges from 18.5 to 24.9. Finally, we also observe

how far an individual�s weight is to their long-term weight loss goal, which was determined

upon joining the program.

Table 1: Summary Statistics
Variable Mean Std. Dev.
Weight (kg) 85.89 21.41
Height (inches) 65.16 3.16
BMI 31.27 7.04
Weight loss per day (kg) 0.04 0.13
Age 54.02 17.83
Male 0.09 0.29
Distance to goal (kg) 6.25 7.03

Note : Averages and standard deviations calculated across all meetings.

Since weight loss is the main outcome of interest, we provide details about weight loss

dynamics. We see that from one meeting to the next, weight loss per day is on average 0.04

kilograms, which is considered to be a healthy weight loss rate according to CDC guidelines

despite it seeming small. Furthermore, we can explore descriptive patterns of dynamics

and seasonality in weight loss. From Figure 1, it appears that the amount of daily weight

loss is largest in January and February, and trends downwards towards December. The

improvement in weight loss may correspond with promotional e¤orts by the weight loss

program around September to October.

2.2.2 Meetings

As weight loss meetings are a distinctive feature of this weight loss program, we provide some

information about meeting attendance patterns (see Figure 2). Weight loss participants on

average attend about 11 meetings from 2012 to 2013. Meeting locations are spread out

across the United States, where there are about 1,070 o¢ cial meeting locations. Individuals

typically attend meetings held at the same physical location (see Panel 1). Finally, we see
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Figure 1: Magnitude of Weight Loss Per Day (kg) by the Month

from Panel 2 that a large proportion of participants (about 40%) attend meetings within the

same zip code as where they live. Nevertheless, there is still a large fraction of participants

who travel beyond their zip code to a meeting location (e.g., traveling more than 20 km

to meeting). To calculate the distance between each participant to the location of the last

meeting attended, we compute geographic distances �as the crow �ies�using longitude and

latitude coordinates provided in the data. In terms of meeting attendance dynamics, Panel

3 shows that in over half of the observations, less than a week separated the current and

previous meeting. Furthermore, in most of the observations, less than a month separates

current and previous meetings. There are some spikes in the distribution as meetings are

often held only on certain days of the week.

2.2.3 Composition of Peers and Peer Weight Loss Performance

Our empirical analysis is centered around understanding heterogeneous peer e¤ects, so we

will highlight variation in the composition of meeting attendees followed by a description

of dynamics in peer weight loss performance (see Figure 3). From meeting to meeting, our

data con�rms that the composition of peers changes, sometimes drastically so.2 Another way

2On average, nearly 26,000 participants will pass by a particular location during our sample, and each
meeting would consist of only 0.2% of this entire pool of potential attendees. Furthermore, each location
holds on average about 94 meetings per month (or about 3 meetings per day). The weight loss company
o¤ers many meeting time options to accommodate for peoples�varying schedules.

8

Electronic copy available at: https://ssrn.com/abstract=2838279



Figure 2: Descriptive Patterns in Meeting Attendance
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Figure 3: Descriptive Patterns in Peer Composition

to demonstrate variation in meeting group composition dynamics is to plot the histogram

for the change in number of peer participants that an individual faces from one meeting

to the next. Panel 1 shows us the distribution summarizing changes in peer group size.

This histogram demonstrates that each individual likely faces a di¤erent set of peers across

meetings. In fact, in only about 5% of the observations do we see no change in the number

of peers, and in only 10% of the observations do we see a change of only 1. On a similar

note, we can con�rm that there is su¢ cient turnover from one meeting to the next such

that on average, only 27% of the peers attended the same previous meeting as an individual.

Panel 2 shows that a sizeable proportion of observations, roughly 25%, are cases in which

an individual faces a completely new set of peers.

Across meetings, we also see variation in who the best performer is. An individual is

the best performer in 6% of the total meetings attended. In 99% of the observations, an
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individual attends a group with a new top performer. More generally, there is variation in

their relative ranks with respect to weight loss from one meeting to the next. Panel 3 provides

a table that tabulates the transition matrix for future relative weight performance rank (as

indicated by the columns) with current relative weight performance rank (as indicated by the

rows) in meetings with 10 or more participants; akin to a heat map, we use darker shading

to indicate larger values. As an example about how to interpret this �gure, the top right

element should be interpreted as a 5% probability that a top performer is the a 20th ranked

performer in his or her next visit. This �gure con�rms that while some best performers

continue to perform well in subsequent meetings, there are a large number of observations

in which relative weight performance rank changes from one meeting to the next.

2.2.4 Instruments Used for Analysis

Finally, our empirical analysis makes use of instrumental variables to address the identi�ca-

tion issues that we outline in the next section. Table 2 summarizes the main instruments we

use for our analysis. Note that the distance variable is constructed using the physical distance

between the meeting location the participant attended during the last period and partici-

pant�s address. Furthermore, localized daily weather data is at the longitude-latitude level,

and obtained from the National Centers for Environmental Information (NOAA). These sum-

mary statistics con�rm that the distance and weather conditions faced by average, bottom,

and top performers are indeed di¤erent.

3 Empirical Analysis of Heterogeneous Peer E¤ects

3.1 Main Speci�cation

Our empirical strategy is an extension of the linear-in-means speci�cation for peer e¤ects

(Brock and Durlauf, 2001; Manski, 1993). For a general overview of peer e¤ects research

in marketing, we refer readers to Hartmann et. al. (2008). We extend this speci�cation by
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Table 2: Summary Statistics for Distance and Daily Weather Instruments

Instrument Mean Std. Dev.
Distance to meeting (km)
Average performer 22.1196 73.3447
Worst performer 24.3190 182.9587
Best performer 22.3350 169.1483
Weather instruments
Precipitation (mm) 25.2323 70.0818
Max temperature (Fahrenheit) 185.368 101.9357
Min temperature (Fahrenheit) 84.4734 81.5069
Distance to meeting x Min temperature
Average performer 2117.863 9000.345
Worst performer 2355.863 22864.62
Best performer 2129.498 21081.1
Distance to meeting x Precipitation
Average performer 554.7244 6013.747
Worst performer 597.5546 12158.52
Best performer 556.8712 11542.3
Distance to meeting x Max temperature
Average performer 4379.324 15697.87
Worst performer 4852.011 40708.42
Best performer 4416.226 37380.23

Note : Daily weather data is at the longitude-latitude level, and obtained from

http://www.ncdc.noaa.gov/cdo-web.
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incorporating more detailed information about the distribution of peer outcomes (i.e., best

and worst performer outcomes), not just the average peer�s performance, which then allow

for these e¤ects to be heterogeneous. The main speci�cation we use is described as:

yit = �yit�1+
1(y
Avg
it�1�yit�1)+
2(yWorst

it�1 �yit�1)+
3(yBestit�1 �yit�1)+�Xit+�i+�l+�m+"it:

(1)

Here, yit is the weight loss per day from meeting t � 1 to t for individual i. Potential

inertial e¤ects are captured by �. Furthermore, peer e¤ects are captured by (
1; 
2; 
3),

as we allow for the possibility that the di¤erence between a peer�s weight loss and i�s past

weight loss has an impact on i�s current weight loss. The various peer outcomes are denoted

by yAvgit�1, y
Worst
it�1 , and y

Best
it�1 , which capture the average, worst, and best weight loss among

i�s peers at a previous meeting t � 1. The model also includes time-varying covariates

of participant i in Xit to control for contextual e¤ects, which contains the distance to goal,

number of others at the previous meeting, number of days since the last meeting, the number

of days since joining the weight loss program, as well as interactions between some of these

variables and the peer weight loss outcomes. Instrumental variables used for our analysis are

denoted by Zit, which includes detailed information about each meeting participant�s (i.e.,

individual, average performer, worst performer, best performer) physical distance to the

meeting location, interacted with daily weather patterns (i.e., temperature, precipitation).

Lastly, our model controls for any individual-level unobserved heterogeneity by including

�i, location-level local unobserved heterogeneity by �l, and month �xed e¤ects by �m. The

month �xed e¤ect can help control for national-level advertising and promotion campaigns.3

We have provided a summary table with the list of key variables in Table 3 for the reader�s

convenience.
3Based on our conversations with company representatives in June 2014, the marketing activities were not

targeted towards individuals, speci�c meetings, or locations. Therefore, a time dummy would be su¢ cient
as a control for the marketing intensity.

13

Electronic copy available at: https://ssrn.com/abstract=2838279



Table 3: Summary Table With Variable Notation and Descriptions

Notation Description
yit�1 Last period weight loss per day (in kg)
yAvgit�1 Last period weight loss of the average performing peer (in kg)
yWorst
it�1 Last period weight loss of the worst performing peer (in kg)
yBestit�1 Last period weight loss of the best performing peer (in kg)
Xit Distance to goal, attendance count, experience, and relevant interactions
Zit Instruments including distance to meeting and local weather patterns
�i User i �xed e¤ect
�l Location l �xed e¤ect
�m Month m �xed e¤ect

Note : Distance variable is constructed using the physical distance between the meeting location the

participant attended during the last period and participant�s address.

Note that the main speci�cation can be re-written as follows,

yit = (�� 
1 � 
2 � 
3)yit�1 + 
1y
Avg
it�1 + 
2y

Worst
it�1 + 
3y

Best
it�1 + �Xit + �i + �l + �m + "it;

which will ultimately be our estimation equation. By letting e� = � � 
1 � 
2 � 
3, we can
simplify the estimation equation further:

yit = e�yit�1 + 
1yAvgit�1 + 
2y
Worst
it�1 + 
3y

Best
it�1 + �Xit + �i + �l + �m + "it: (2)

3.2 Identi�cation

There are �ve main challenges to identi�cation, namely selection into meetings, endogenous

peer outcomes, individual unobserved heterogeneity, lagged dependent variables, and con-

textual confounds. This section will provide an outline of these issues, along with how we

address such concerns in our empirical strategy.
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3.2.1 Selection into Meetings

A primary identi�cation concern is selection into meetings. As each participant can choose

whether or not to attend a meeting, such decisions may be a function of their past weight loss

successes or failures, among other factors. Therefore, changes in weight from one meeting

to the next may be an artifact of individuals attending based on how much weight they

had gained or lost in the past. For example, those who have experienced past successes

may have a greater incentive to attend so as to gloat about their progress. We address

these concerns by taking a few steps. First, we make sure to use the normalized measure

of weight loss (i.e., weight loss per day). This way, weight loss measures are scaled and

thus comparable across participants; at the very least, normalization helps us eliminate the

mechanical relationship between days that separate meetings and weight loss. Second, we

consider a conceptual robustness test to rule out the confounding nature of selection by

analyzing the sensitivity of our results to sub-samples of participants based on the frequency

to which they attend meetings (i.e., every month, every two weeks, every week). If our

results were largely driven by decisions to attend meetings based on how much weight they

had gained or lost in the past, then these results should disappear if we focus on participants

who attend at regular frequencies (i.e., every month or week). Finally, based on the intuition

from our sub-sample analysis, we consider a more direct way to address selection biases by

including Heckman�s (1979) selectivity correction term as a control function in the second-

stage regression. We construct the selectivity correction term via Olsen (1980) by estimating

a series of �exible linear probability models where the dependent variable is captured by a

dummy that indicates whether a participant attended a meeting within a month, two weeks,

or one week of the past meeting conditional on the weather and distance variables for the

individual. An important advantage of using this approach (as opposed to probit) is that

the normality assumption is not needed in Olsen�s (1980) derivation of the estimator.
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3.2.2 Endogenous Peer Outcomes

Selection into meetings will not only a¤ect the individuals, but also the distribution of

weight loss outcomes among a group of participants in a meeting. If people attend meetings

to primarily show-o¤ their past successes, then the group�s weight loss success will likely

be skewed to the right, while if people attend meetings to get back on a good weight loss

trajectory (after su¤ering some past failures), then the distribution of weight loss among peers

may be skewed the opposite direction. For this reason, we need an instrumental variable

that could potentially shift attendance (and thus distribution of peer weight loss outcomes)

in an exogenous manner. To construct these instruments, we make use of information about

each individual�s physical distance to the last meeting they attended from their residence

along with localized weather conditions around their residence. These interacted variables

then o¤er a plausible driver for variation in meeting attendance (and thus distribution of

weight loss outcomes) among peers that is plausibly generated by exogenous factors that

exclude the very selection concerns that a¤ect both individuals and peers alike. The nice

feature about these instruments is that they impact each member di¤erently, as participants

are exposed to di¤erent distance and weather conditions; this feature is especially important

as we are interested in not only the average performer�s impact, but also the best and worst

performers.

3.2.3 Individual Unobserved Heterogeneity

Next, there is an issue regarding individual heterogeneity. Heterogeneity is a relevant as

each participant may be inherently better or worse at losing weight due to psychological or

physiological reasons. To control for individual-speci�c features, we include individual �xed

e¤ects in the estimation, akin to recent work about peer e¤ects in marketing (e.g., Nair,

Manchanda, and Bhatia, 2010). This approach is feasible as our data is rich in both the

cross-sectional (i.e., number of participants) and time (i.e., number of repeat observations for

the same individual over time) dimensions. Furthermore, the use of individual �xed e¤ects
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relies to some extent variation in the composition of participants across meetings, which

our empirical setting exhibits (see Section 2). Finally, heterogeneity may be related to an

inherent tendency to attend meetings, so to some extent these �xed e¤ects will also control

for time-invariant selection into meetings.

3.2.4 Lagged Dependent Variables

An important feature to incorporate in our analysis is past weight loss (i.e., lagged dependent

variable), as health habits are potentially inertial in nature. However, incorporating past

weight loss will make estimation a little more complex, as the inclusion of a lagged dependent

variable implies that past weight loss will be a function of unobserved factors. For example,

some weight loss participants are inherently better at losing weight than others, and thus,

our inferences about the inertial e¤ects might be overestimated. For this reason, we rely on

the Arellano and Bond (1991) method that makes use of lagged di¤erences in the dependent

variable as instruments for the most recent lagged term, as di¤erencing between current and

past dependent variables alone only eliminates permanent individual heterogeneity but not

time varying individual shocks; for example, some individuals may perform better at losing

weight in winter than others if they enjoy winter sports more than summer sports. Given

the size of our data, we are able to observe each individual over time for a large number

of observations, and thus, are able to make use of as many as 6 lagged di¤erences when we

explore robustness of this approach.

3.2.5 Contextual Confounds

One �nal source of bias may come from contextual e¤ects. That is, there may be a common

factor that all participants at a given meeting are exposed to. Some examples of these

contextual factors may be if certain weight loss meeting locations provide better information

(i.e., pamphlets they hand out at the beginning of session), facilities (i.e., meetings take place

in room with better décor), employees (i.e., more experienced meeting leaders), or services
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(i.e., greater range of prepared food products available to participants). We accommodate

for potential contextual e¤ects by including location-speci�c �xed e¤ects to control for these

common factors that can a¤ect every participant in a meeting.

3.3 Main Results

Table 4 provides the estimates from our �rst-stage estimation. The �rst four columns pro-

vide results from the �rst-stage linear regression of endogenous peer weight outcomes with

instruments, while the latter three columns provide the results from the �rst-stage control

function estimates for the selectivity correction term.

The �rst-stage results con�rm that these instruments help explain some variation in the

endogenous variables. For example, we see that distance has an impact on the average

performers and worst performer�s past weight loss. Also, rain has an impact on all of the

endogenous variables. Furthermore, the minimum temperature a¤ects the average performer

and best performer�s past weight loss, while the maximum temperature a¤ects the average

performer and worst performer�s weight loss. Finally, we can see that the interactions be-

tween weather and distance metrics have an impact on these endogenous peer outcomes.

We also note that weak instruments are unlikely to be an issue, as the F-statistics and R2

markedly increase with the introduction of instruments (see Table 5). Note that in our ta-

ble, we consider both univariate and multivariate F-tests, as there are multiple endogenous

variables that need to be instrumented; for the multivariate F-tests, we use the approach by

Sanderson and Windmeijer (2016).4

We also provide results from the estimates of our control function that is used to construct

Heckman�s (1979) selectivity correction term (see columns 5 to 7 in Table 4) via Olsen�s

(1980) method. The �rst column uses the correction term obtained from estimating the

likelihood that a participant attends the current meeting within a month of the past meeting.

The second column uses the correction term obtained from estimating the likelihood that
4We refer the reader to Lee�ang, Wieringa, Bijmolt, and Pauwels (2015) for more details about the

suggested tests of instrumental variable strength.
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Table 4: First-Stage Linear Regression Results

First-stage IV First-stage contro l function
(1) (2) (3) (4) (5) (6) (7)

D istance -0 .0000392*** 0.0000230* 0.00000368 -0 .00000211*** -0.00000942*** -0 .0000164*** -0 .0000398***
(0.00000614) (0 .00000912) (0 .0000122) (0 .000000523) (0 .000000962) (0.00000147) (0 .00000204)

Precip itation 0.0000311*** 0.000152*** 0.0000268** -0 .00000105* -0.0000141*** -0 .0000209*** -0 .0000241***
(0.00000212) (0 .00000769) (0 .00000934) (0 .000000425) (0 .000000781) (0.00000119) (0 .00000166)

Temp max 0.000116*** 0.000309*** 0.0000148 0.0000210*** 0.000181*** 0.000258*** 0.000244***
(0.00000374) (0 .0000136) (0 .0000165) (0 .000000785) (0 .00000144) (0.00000220) (0 .00000306)

Temp m in -0.000236*** 0.0000134 -0 .000518*** -0 .00000864*** 0.000178*** 0.000125*** 0.0000380***
(0.00000474) (0 .0000171) (0 .0000208) (0 .000000989) (0 .00000182) (0.00000278) (0 .00000386)

D istance x Temp m in 0.000000282*** 0.00000126*** -0 .000000415*** 8.38e-09 4.47e-08*** 9.34e-08*** 0.000000140***
(6.33e-08) (8 .68e-08) (0 .000000117) (5 .41e-09) (9 .95e-09) (1 .52e-08) (2 .11e-08)

D istance x Precip itation 2.51e-08 7.01e-08 -5 .29e-08 4.69e-10 -1 .06e-08* 9.18e-09 1.49e-09
(2.65e-08) (4 .73e-08) (6 .06e-08) (2 .43e-09) (4 .47e-09) (6 .83e-09) (9 .49e-09)

D istance x Temp max -0.000000129* -0.000000957*** 0.000000398*** -1 .80e-08*** -1.86e-08* -7 .33e-08*** -0 .000000110***
(5.26e-08) (7 .36e-08) (9 .99e-08) (4 .28e-09) (7 .87e-09) (1 .20e-08) (1 .67e-08)

Constant 0.213*** -1.486*** 1.858*** 0.0572*** 0.990*** 0.911*** 0.729***
(0.000597) (0 .00219) (0 .00266) (0 .000139) (0 .000255) (0.000390) (0 .000541)

Observations 14395615 14395615 14395615 14395615 12397426 12397426 12397426

Note: Columns 1 to 4 provide results from the �rst-stage linear regression of endogenous peer
weight outcomes with the instruments. The �rst column provides the results from �rst-stage
linear regression of average performer�s past weight loss on the weather-distance instruments.
Analogously, the second, third and fourth columns provide results from �rst-stage linear regres-
sions of worst performer�s past weight loss, best performer�s past weight loss, and individual�s
past weight loss per day on the weather-distance instruments respectively. Columns 5 to 7 pro-
vide the results from the �rst-stage control function estimates for the selectivity correction term.
The �fth column uses the correction term obtained from estimating the likelihood participant
attended current meeting within a month of the past meeting. The sixth column uses the correc-
tion term obtained from estimating the likelihood participant attended current meeting within 2
weeks of the last meeting. The seventh column uses the correction term obtained from estimating
the likelihood participant attended current meeting within 1 week of the last meeting.

Table 5: Strength of the Instrumental Variables

(1) (2) (3) (4)
Univariate F-statistics
Exogenous variables with instruments 69264 32823 9861 183634
Exogenous variables 51386 18700 4243 99999
Multivariate F-statistics
Exogenous variables with instruments 3820 24744 18966 31873
Exogenous variables 1679 1442 1513 1964
R2

Exogenous variables with instruments 0.0379 0.0137 0.0104 0.1786
Exogenous variables 0.0097 0.0035 0.0008 0.0436

Note : The �rst column provides the F-statistics and R2 from the �rst-stage regressions of average

performer�s past weight loss. Analogously, the second, third and fourth columns provide the corre-

sponding results from regressions of worst performer�s past weight loss, best performer�s past weight

loss, and individual�s past weight loss per day. For the multivariate F-statistics, we report the weak

instrument F-test statistic by Sanderson and Windmeijer (2016), as there are multiple endogenous

variables that are instrumented.
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a participant attends the current meeting within 2 weeks of the last meeting. The third

column uses the correction term obtained from estimating the likelihood that a participant

attends a current meeting within 1 week of the last meeting. These results con�rm that the

weather and distance metrics help explain some of the variation in the likelihood of frequent

meeting attendance.

The key �ndings about the e¤ect of peers on weight loss progress are found in Table

6. The Online Appendix provides additional robustness checks, including the conceptual

test we use to rule out biases from selection. Columns 1 to 3 correspond to the correction

terms obtained from estimating the likelihood participant attended current meeting within

a month of the past meeting, within two weeks of the last meeting and within one week

of the last meeting, respectively. For all of the speci�cations, we make use of the lagged

instruments as suggested by Arellano and Bond (1991). Our results are invariant to how

many lags are used, which provides further support that the estimates and standard errors are

unlikely to be biased by any serially correlation that may exist (see Online Appendix). Since

we have interaction e¤ects in the speci�cations, we make use of mean-centered continuous

variables. Mean-centering a¤ects the interpretation of the results, in that the intercepts

are more meaningful now - the inferred moderating e¤ects re�ect di¤erences in weight loss

outcomes for an individual facing average levels of individual and peer performance. Before

summarizing the peer e¤ects, we would like to point out that there are some inertial e¤ects

in weight loss. That is, an individual�s past weight loss is associated with an increase in

subsequent weight loss. This �nding suggests potential long-run implications of interventions

that a¤ect current weight loss outcomes. Focusing the peer e¤ects, we see in the baseline

speci�cation that weight loss for the average peer leads to individual weight gain, as a 1

kg increase in the average peer performer�s weight loss is associated with an individual�s

decrease in weight loss by about 0.02 kg. In contrast, we see that weight loss by the top

performer leads to increased individual weight loss, as a 1 kg increase in the top performer�s

weight loss is associated with an individual�s increase in weight loss by about 0.01 kg. While
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Table 6: Second-Stage Linear Regression Results

(1) (2) (3)
Last period weight loss per day 0.0505��� 0.0496��� 0.0490���

(0.000721) (0.000736) (0.000751)

Distance to goal 0.0272��� 0.0272��� 0.0272���

(0.0000402) (0.0000403) (0.0000403)

Distance to goal x Weight loss per day 0.00447��� 0.00447��� 0.00447���

(0.00000214) (0.00000214) (0.00000215)

Average performer -0.0240��� -0.0234��� -0.0228���

(0.000702) (0.000710) (0.000722)

Worst performer -0.00736��� -0.00679��� -0.00664���

(0.000499) (0.000493) (0.000484)

Best performer 0.00928��� 0.00877��� 0.00862���

(0.000449) (0.000444) (0.000437)

Attendance count 0.000104��� 0.000105��� 0.000105���

(0.00000473) (0.00000473) (0.00000473)

Average performer x Attendance count 0.000436��� 0.000439��� 0.000442���

(0.0000283) (0.0000283) (0.0000283)

Worst performer x Attendance count -0.0000834��� -0.0000835��� -0.0000837���

(0.00000606) (0.00000605) (0.00000605)

Best performer x Attendance count -0.0000299��� -0.0000297��� -0.0000297���

(0.00000450) (0.00000450) (0.00000449)

Experience 0.0118��� 0.0117��� 0.0117���

(0.000272) (0.000272) (0.000272)

Average performer x Experience 0.000373��� 0.000371��� 0.000370���

(0.0000445) (0.0000445) (0.0000444)

Worst performer x Experience 0.000192��� 0.000192��� 0.000191���

(0.0000246) (0.0000245) (0.0000245)

Best performer x Experience -0.000158��� -0.000157��� -0.000157���

(0.0000225) (0.0000225) (0.0000225)

Selection correction -0.00729��� -0.0109��� -0.0144���

(0.00215) (0.00181) (0.00197)

Constant -0.188��� -0.185��� -0.184���

(0.00254) (0.00215) (0.00198)
Observations 12376990 12376990 12376990

Standard errors in parentheses
�p < 0:05, ��p < 0:01, ���p < 0:001

Note : The �rst column uses the correction term obtained from estimating the likelihood participant
attended current meeting within a month of the past meeting. The second column uses the correction
term obtained from estimating the likelihood participant attended current meeting within 2 weeks of
the last meeting. The third column uses the correction term obtained from estimating the likelihood
participant attended current meeting within 1 week of the last meeting.
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the magnitudes of these e¤ects seem small, we note that a large number of observations

(about 41%) involve participants gaining weight; therefore, any positive impact on weight

loss success would be valuable to participants.

3.3.1 Discussion

As we focus on heterogeneity in peer performance outcomes, we not only complement the past

literature in marketing that has focused on other dimensions of heterogeneity (i.e., spatial

proximity, observable physical characteristics, intra-group relationships, opinion leadership,

network tie strength), but are also able to contribute towards the literature about social

comparison theory. In particular, the discrepancy between best and average performer ef-

fects could potentially be explained by an adaptive function related to upward comparisons.

The negative average performer e¤ects would then be consistent with the idea that peers

who perform well may cause individuals to feel inadequate and that they themselves cannot

achieve such levels of performance (e.g., Rogers and Feller, 2016). Consequently, individuals

may attempt to respond in a defensive manner whenever someone else outperforms them.

One strategy that has been alluded to in the social comparison literature is to self-handicap

and choose an obviously superior peer as a comparison target (e.g., Shepperd and Taylor,

1999). It then seems plausible that this self-handicapping is less e¤ective when the com-

parison target is an average performer, as opposed to an obviously superior top performer.

By self-handicapping, individuals can exploit upward drives in their comparisons with top

performers, while at the same time, counteract their feelings of under-performance (rela-

tive to peers). Our �ndings suggest that top performing peers provide better motivation to

weight loss participants than average performing peers, which appears consistent with the

theoretical predictions about upward comparisons and self-handicapping.

In summary, the evidence of heterogeneous peer e¤ects has direct implications on meeting

design for the commercial weight loss program. There are two main dimensions of our study�s

managerial implications. The �rst dimension of meeting design that our results may impact is
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content. For example, the meeting leaders can use the weight loss successes of best performers

provide inspiration to the group, and perhaps avoid using the average performer�s success

as the benchmark. By focusing attention on the top performer, the weight loss program

can better motivate participants towards sustainable weight loss. The second dimension

of meeting design that may be impacted by our �ndings is composition. The weight loss

program can form groups of meeting participants that would maximize the encouraging

e¤ects of best performers and minimize the discouraging e¤ects of average performers. By

improving the perceived performance of the weight loss program via these meeting design

strategies, the �rm can maintain a high level of customer satisfaction and engagement.

Based on our results, we now discuss possible moderating e¤ects, which may allow us

to re�ne the managerial implications. These interactions will help the weight loss program

determine under which contexts the peers are more or less encouraging/discouraging. The

�rst interaction we look at is between the peer e¤ects and attendance count. The aver-

age performer e¤ect appears to be slightly less negative as the group size increases, while

the interaction between group size and the best performer e¤ect is small in magnitude and

statistically signi�cant. An implication of this result is that when the group size is large,

announcing the successes of the average performer appears to be less detrimental towards an

individual�s future performance. Furthermore, the second interaction investigates whether

the heterogeneous peer e¤ects vary with an individual�s experience in the weight loss pro-

gram. Measuring experience as the number of days the individual has been a member of

the weight loss program, we show that the average, worst, and best performer e¤ects do not

vary much with an individual�s own experience, though the best performer e¤ect is slightly

smaller for individuals who are more experienced. We also tried de�ning experience based

on the total number of meetings the participant has attended thus far, and the results are

qualitatively the same. The moderating e¤ects for experience reveal that highlighting the

successes of best performers may be slightly more e¤ective if the group consists primarily of

inexperienced attendees.
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While we focus primarily on the heterogeneous peer e¤ects, future work could help re�ne

further the possible mechanisms behind the inferred patterns associated with best performer

peer e¤ects. Based on the framework by Van den Bulte and Lilien (2001), one can break-

down various causal mechanisms behind social in�uence. The �rst possible mechanism is

information transfer, such as social learning or vicarious learning. We argue that information

transfer is unlikely to be a driver of the social e¤ects as the top performer e¤ects do not vary

much with an individual�s own experience. The second possible mechanism is performance

network e¤ect. Based on how weight loss programs work, it seems unlikely that one peer�s

weight loss will lead to a direct physical bene�t to those attending the same meeting. The

third possible mechanism is normative pressure. We believe this mechanism is an unlikely

driver behind the peer e¤ects as the meeting attendees are acquaintances with one another,

and thus, approval among peers may not be as valuable than in cases in which members

of a group are actually friends; though, a limitation of this argument is that descriptive

norms may have an impact even if members in the group are not friends with one another

(e.g., Cialdini, Reno, and Kallgren, 1990), such that norms are de�ned by what is typical

or normal (i.e., what most people do). Finally, the remaining mechanism is competitive

concern. We believe this mechanism may potentially �t with our empirical �ndings, in that

the discouraging average peer e¤ect is dampened by the number of peers attending the meet-

ing. In summary, the main e¤ects as well as their interactions with various proxies suggest

that social comparisons play a role behind the peer e¤ects. Given the resemblance between

social comparisons and competitive concerns, we speculate that competitive concerns would

be a mechanism that �ts best with our empirical �ndings, though future work is needed to

con�rm that this is indeed the case.
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4 Conclusion

Our study investigates the role of social interactions in inducing healthier behavior. We infer

heterogeneous peer e¤ects using data from a large commercial weight loss program. The

�ndings indicate that while the weight loss among average peers does not lead to individual

weight loss, weight loss among best performing peers has a positive impact on weight loss

progress. In summary, our research suggests opportunities to improve the design of meetings

by highlighting the best performer�s successes (i.e., meeting content), or by forming groups

that minimize the discouraging average performer�s e¤ect while maximizing the encouraging

best performer�s e¤ect (i.e., meeting composition). Although this is beyond the scope of our

study, we see potential in future work to explore analytically what the optimal composition

would be.

From a health management perspective, future research could also investigate the inter-

action between peer e¤ects and urgency of weight loss. As Ma, Ailawadi, and Grewal (2013)

demonstrate that consumption of healthy foods increase in response to diabetes diagnosis,

the adoption of healthful behavior appears to be a¤ected by medical conditions. It would

be interesting to see if the encouraging top performer e¤ects are particularly helpful at mo-

tivating those who are in greatest need of losing weight in a short amount of time. Since

weight maintenance is a key preventative measure against diabetes, such a �nding would

have health implications above and beyond the speci�c weight loss context we study.

Finally, our research insights can be applied to scenarios well beyond weight management.

For example, some contexts in which identifying the ideal role model may be important

include sustainable technology di¤usion, sales-force motivation, as well as education design.

In the adoption of solar panel technologies (e.g., Bollinger and Gillingham, 2012; Kraft-

Todd et. al., 2017), one could explore the role of leaders in a community to foster adoption

across households. To augment the sales-force control systems (Cravens et. al., 1993), our

�ndings may suggest which employees a company should highlight in order to motivate

others. For this reason, we see our paper�s insights as being complementary with Chan, Li,
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and Pierce (2014b) and Mas and Moretti (2009), as they provide evidence of peer e¤ects

in sales productivity. Similarly, in a classroom setting (Imberman, Kugler, and Sacerdote,

2012), teachers can highlight the successes of top performers, rather than the class as a whole

in order to motivate students. Furthermore, the increasing role of gami�cation and social

interactions in many mobile applications (Hofacker et. al., 2016) may yield fruitful settings

to study who and how peer successes should be highlighted.
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Online Appendix (Not for Publication)

Conceptual Test to Establish Robustness from Selection

To further assuage our concerns about selection biases, we consider a conceptual robustness

check, in additional to using the scaled dependent variable and instruments for the individ-

ual�s past weight loss per day. For the conceptual robustness check, we consider scenarios in

which weight loss participants are plausibly selecting into meetings. The scenarios we con-

sider are those in which participants attend the meetings on a regular basis. Based on this

scenario de�nition, we consider a few sub-samples of varying levels of selection. In particu-

lar, the sub-samples we use include individuals who have regularly attended meetings every

month, every two weeks, and every week. The results from our analysis of these sub-samples

are displayed in columns (2) to (4) of Tables 7 and 8 respectively. Column 1 shows the

results from the full-sample for comparison purposes. Note that the comparison across these

tables alone is informative as it may suggest that the assumption about uncorrelated errors

over time is well justi�ed. Our robustness checks from the sub-sample analysis con�rms that

the negative average performer e¤ect and positive best performer e¤ect remain unchanged

qualitatively across all sub-samples with varying degrees of selection.

Multicollinearity

In this section, we explore robustness of our results to multicollinearity. If the various

peer e¤ect metrics are strongly correlated with one another, then there may be implications

about the design of meetings (i.e., how information is shared during meetings), as some of our

meeting design suggestions require being able to infer one type of peer e¤ect while holding

the others �xed. Our analysis in this section will reveal that such issues are unlikely to have

an impact on our �nal conclusions. Table 9 provides the baseline speci�cation, as we include

each of the peer e¤ect metrics and attendance count in a sequential manner. The table
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Table 7: Second-Stage Regression with Instrumental Variables

(1) (2) (3) (4)
Last period weight loss per day 0.0506��� 0.0472��� 0.0329��� 0.0131���

(0.000720) (0.000724) (0.000742) (0.00123)

Distance to goal 0.0272��� 0.0267��� 0.0247��� 0.0147���

(0.0000402) (0.0000404) (0.0000423) (0.0000685)

Distance to goal x Last period weight loss per day 0.00447��� 0.00460��� 0.00499��� 0.00654���

(0.00000214) (0.00000219) (0.00000244) (0.00000565)

Average performer -0.0245��� -0.0227��� -0.0155��� -0.00893���

(0.000686) (0.000722) (0.000840) (0.00180)

Worst performer -0.00819��� -0.00640��� 0.000272 -0.00271��

(0.000435) (0.000440) (0.000480) (0.000909)

Best performer 0.0100��� 0.00803��� 0.00199��� 0.00402���

(0.000394) (0.000400) (0.000441) (0.000857)

Attendance count 0.000103��� 0.000107��� 0.0000928��� 0.0000955���

(0.00000473) (0.00000481) (0.00000534) (0.0000103)

Average performer x Attendance count 0.000438��� 0.000520��� 0.000663��� 0.000404���

(0.0000283) (0.0000294) (0.0000338) (0.0000699)

Worst performer x Attendance count -0.0000837��� -0.0000653��� -0.0000589��� 0.0000276�

(0.00000606) (0.00000619) (0.00000698) (0.0000135)

Best performer x Attendance count -0.0000304��� -0.0000357��� -0.0000393��� -0.0000798���

(0.00000450) (0.00000465) (0.00000553) (0.0000116)

Experience 0.0120��� 0.0116��� 0.0103��� 0.0101���

(0.000268) (0.000269) (0.000286) (0.000292)

Average performer x Experience 0.000373��� 0.000371��� 0.000349��� 0.000643���

(0.0000445) (0.0000460) (0.0000501) (0.000122)

Worst performer x Experience 0.000192��� 0.000174��� 0.000142��� 0.0000833
(0.0000246) (0.0000248) (0.0000273) (0.0000559)

Best performer x Experience -0.000158��� -0.000141��� -0.000113��� -0.000125�

(0.0000225) (0.0000227) (0.0000245) (0.0000535)

Constant -0.196��� -0.193��� -0.183��� -0.0841���

(0.00107) (0.00106) (0.00109) (0.000607)
Observations 12376990 12037102 10158025 2718078

Standard errors in parentheses
�p < 0:05, ��p < 0:01, ���p < 0:001

Note : The sub-samples we use include individuals who have regularly attended meetings every
month, every two weeks, and every week. The results from our analysis of these sub-samples are
displayed in columns (2) to (4). Column 1 shows the results from the full-sample for comparison
purposes.
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Table 8: Second-Stage Regression with Instrumental Variables and Location Fixed E¤ects

(1) (2) (3) (4)
Last period weight loss per day 0.0506��� 0.0472��� 0.0329��� 0.0131���

(0.000720) (0.000724) (0.000742) (0.00123)

Distance to goal 0.0272��� 0.0267��� 0.0247��� 0.0147���

(0.0000402) (0.0000404) (0.0000423) (0.0000685)

Distance to goal x Last period weight loss per day 0.00447��� 0.00460��� 0.00499��� 0.00654���

(0.00000214) (0.00000219) (0.00000244) (0.00000565)

Average performer -0.0245��� -0.0227��� -0.0155��� -0.00895���

(0.000686) (0.000722) (0.000840) (0.00180)

Worst performer -0.00819��� -0.00640��� 0.000272 -0.00269��

(0.000435) (0.000440) (0.000480) (0.000909)

Best performer 0.0100��� 0.00803��� 0.00199��� 0.00401���

(0.000394) (0.000400) (0.000441) (0.000857)

Attendance count 0.000103��� 0.000107��� 0.0000927��� 0.0000953���

(0.00000473) (0.00000481) (0.00000534) (0.0000103)

Average performer x Attendance count 0.000438��� 0.000520��� 0.000663��� 0.000405���

(0.0000283) (0.0000294) (0.0000338) (0.0000699)

Worst performer x Attendance count -0.0000837��� -0.0000653��� -0.0000590��� 0.0000275�

(0.00000606) (0.00000619) (0.00000698) (0.0000135)

Best performer x Attendance count -0.0000304��� -0.0000356��� -0.0000392��� -0.0000798���

(0.00000450) (0.00000465) (0.00000553) (0.0000116)

Experience 0.0120��� 0.0116��� 0.0103��� 0.0101���

(0.000268) (0.000269) (0.000286) (0.000292)

Average performer x Experience 0.000373��� 0.000371��� 0.000349��� 0.000644���

(0.0000445) (0.0000460) (0.0000501) (0.000122)

Worst performer x Experience 0.000192��� 0.000174��� 0.000142��� 0.0000825
(0.0000246) (0.0000248) (0.0000273) (0.0000559)

Best performer x Experience -0.000158��� -0.000141��� -0.000113��� -0.000125�

(0.0000225) (0.0000227) (0.0000245) (0.0000535)

Constant -0.202��� -0.199��� -0.189��� -0.0902���

(0.00206) (0.00208) (0.00229) (0.00447)
Observations 12376990 12037102 10158025 2718078

Standard errors in parentheses
�p < 0:05, ��p < 0:01, ���p < 0:001

Note : The sub-samples we use include individuals who have regularly attended meetings every
month, every two weeks, and every week. The results from our analysis of these sub-samples are
displayed in columns (2) to (4). Column 1 shows the results from the full-sample for comparison
purposes.
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Table 9: The Inclusion of the Peer Variables and Attendance Count in Sequential Manner

(1) (2) (3) (4) (5) (6) (7)
Average p erform er -0 .0110��� -0 .00984��� -0 .0167��� -0 .0169���

(0 .000413) (0 .000478) (0 .000549) (0 .000549)

Worst p erform er -0 .000909��� -0 .0101��� -0 .00294��� -0 .00744��� -0 .00937���

(0 .000191) (0 .000401) (0.000164) (0 .000391) (0 .000402)

Best p erform er 0.00931��� 0.00143��� 0.00395��� 0.00866���

(0 .000357) (0 .000131) (0 .000311) (0 .000358)

Attendance count 0.000120���

(0 .00000427)

Constant -0 .145��� -0 .145��� -0 .144��� -0 .145��� -0 .145��� -0 .144��� -0 .145���

(0 .000309) (0 .000309) (0 .000311) (0 .000308) (0 .000308) (0.000310) (0 .000311)
Observations 12376990 12376990 12376990 12376990 12376990 12376990 12376990

Standard errors in parentheses
�p < 0:05, ��p < 0:01, ���p < 0:001

Note : For simpler interpretation, these speci�cations do not include the interaction terms.

con�rms that the sign and statistical signi�cance for the average, worst, and best performer

e¤ects do not change as each peer metric is successively included into the speci�cation. We

note that even by using the most conservative estimates from these columns, the average

performer, worst performer, and best performer e¤ects have a non-negligible and statistically

signi�cant impact on an individual�s subsequent weight loss.

Local Tra¢ c Instruments

As further robustness, we consider speci�cations that make use of additional instrumental

variables. In particular, we add local tra¢ c conditions as instruments for our analysis. This

data is obtained from past research by Duranton and Turner (2011) about road congestion

in the United States. In particular, we make use of the averaged daily tra¢ c for all MSA

interstates, highways and roads. Table 10 provides the results from this analysis. The results

con�rm that most of our main �ndings about the heterogeneous peer e¤ects hold, even when

this new instrumental variable is added to the �rst-stage estimation. In particular, the av-

erage performer e¤ect remains statistically signi�cant up until we focus only on participants

who attend meetings on a weekly basis. Furthermore, the top performer e¤ect remains posi-

tive and statistically signi�cant in all sub-samples. We note, however, that this speci�cation
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Table 10: Second-Stage Regression with Additional Instrumental Variables

(1) (2) (3) (4)
Last period weight loss per day 0.0502��� 0.0468��� 0.0324��� 0.0129���

(0.000719) (0.000722) (0.000740) (0.00123)

Distance to goal 0.0272��� 0.0267��� 0.0247��� 0.0147���

(0.0000402) (0.0000403) (0.0000423) (0.0000684)

Distance to goal x Last period weight loss per day 0.00447��� 0.00460��� 0.00499��� 0.00654���

(0.00000214) (0.00000219) (0.00000244) (0.00000564)

Average performer -0.0169��� -0.0145��� -0.00560��� -0.000317
(0.000549) (0.000571) (0.000649) (0.00134)

Worst performer -0.00937��� -0.00728��� -0.000678 -0.00179�

(0.000402) (0.000407) (0.000443) (0.000835)

Best performer 0.00866��� 0.00683��� 0.00104�� 0.00179�

(0.000358) (0.000362) (0.000396) (0.000761)

Attendance count 0.000120��� 0.000117��� 0.000103��� 0.0000666���

(0.00000427) (0.00000433) (0.00000475) (0.00000916)

Constant -0.145��� -0.145��� -0.141��� -0.0843���

(0.000311) (0.000314) (0.000340) (0.000598)
Observations 10390068 9783509 8094044 2361522

Standard errors in parentheses
�p < 0:05, ��p < 0:01, ���p < 0:001

Note : The sub-samples we use include individuals who have regularly attended meetings every
month, every two weeks, and every week. The results from our analysis of these sub-samples are
displayed in columns (2) to (4). Column 1 shows the results from the full-sample for comparison
purposes.

has not been chosen as the baseline, as the local tra¢ c data from Duranton and Turner

(2011) does not have full coverage across all of the cities that have weight loss meetings.

Potential Serial Correlation

In this analysis, we explore robustness of our speci�cations to potential serial correlation.

To demonstrate this robustness, we consider variants of our baseline speci�cation by im-

plementing the Arellano and Bond (1991) estimator with more lagged di¤erences (i.e.,

4yit�2 = yit�2 � yit�3) as instruments. Increasing the number of lagged di¤erences is one
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method to correct for potential serial correlation biases in the estimates and standard errors.

Our results from this analysis can be found in Table 11. Columns 1 to 4 provide the results

for speci�cations with 3 to 6 lagged di¤erences respectively. The analysis con�rms that even

when a large number of lagged di¤erences are included, the standard errors as well as esti-

mates for the peer e¤ects remain virtually the same as in the baseline. Given the large size

of our data, we imagine that serial correlation in itself is unlikely to have a material impact

on the inferred magnitudes and precision of our estimates.
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Table 11: Second-Stage Regression with Di¤erent Number of Lagged Di¤erences

(1) (2) (3) (4)
Last period weight loss per day 0.0517��� 0.0491��� 0.0497��� 0.0483���

(0.000711) (0.000716) (0.000736) (0.000747)

Distance to goal 0.0281��� 0.0288��� 0.0301��� 0.0314���

(0.0000434) (0.0000466) (0.0000504) (0.0000543)

Last period weight loss per day x Distance to goal 0.00455��� 0.00464��� 0.00466��� 0.00467���

(0.00000224) (0.00000235) (0.00000245) (0.00000254)

Average performer -0.0246��� -0.0232��� -0.0246��� -0.0235���

(0.000728) (0.000784) (0.000836) (0.000888)

Worst performer -0.00749��� -0.00686��� -0.00688��� -0.00725���

(0.000457) (0.000477) (0.000502) (0.000527)

Best performer 0.00974��� 0.00899��� 0.00909��� 0.00957���

(0.000415) (0.000435) (0.000462) (0.000490)

Attendance count 0.000104��� 0.000117��� 0.000124��� 0.000112���

(0.00000503) (0.00000530) (0.00000563) (0.00000598)

Average performer x Attendance count 0.000457��� 0.000406��� 0.000420��� 0.000327���

(0.0000304) (0.0000327) (0.0000351) (0.0000375)

Worst performer x Attendance count -0.0000940��� -0.0000735��� -0.0000735��� -0.0000778���

(0.00000657) (0.00000701) (0.00000753) (0.00000805)

Best performer x Attendance count -0.0000305��� -0.0000344��� -0.0000328��� -0.0000285���

(0.00000497) (0.00000545) (0.00000594) (0.00000649)

Experience 0.0140��� 0.0123��� 0.00894��� 0.00723���

(0.000328) (0.000526) (0.000229) (0.000421)

Average performer x Experience 0.000388��� 0.000401��� 0.000385��� 0.000363���

(0.0000462) (0.0000478) (0.0000509) (0.0000528)

Worst performer x Experience 0.000192��� 0.000186��� 0.000201��� 0.000223���

(0.0000262) (0.0000274) (0.0000291) (0.0000310)

Best performer x Experience -0.000162��� -0.000163��� -0.000171��� -0.000183���

(0.0000237) (0.0000248) (0.0000261) (0.0000276)

Constant -0.211��� -0.209��� -0.204��� -0.175���

(0.00134) (0.00222) (0.000934) (0.000425)
Observations 11348884 10419683 9573622 8798315

Standard errors in parentheses
�p < 0:05, ��p < 0:01, ���p < 0:001

Note : Columns 1 to 4 provide the results with 3 to 6 lagged di¤erences respectively.
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