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Abstract
We seed a large real-world social network with binary information and analyze subsequent social learning. A unique feature of our field experiment is that
we measure both the pre-existing social networks and the actual conversation
network. Our experiment allows us to test how rational agents behave when
processing information that originates within their social network. We find
that information decays quickly with social distance and that agents mainly
incorporate information within social distance 2. Conversations trough common friends do not increase the weight that a subject places on signals from
direct friends but linearly increases the weight on signals from indirect friends.
This suggests that agents are able to avoid double-counting information from
indirect friends. We propose a simple “streams model” of social learning that
is consistent with the evidence from our experiment.
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Introduction

Social networks are an important source of information. Lazarsfeld, Berelson and
Gaudet (1944) found that US voters in the 1940 Presidential election were more influenced by friends than mass media. Katz and Lazarsfeld (1955) identified opinion
leaders along various dimensions such as local politics, fashion and movies. Development economists have documented the importance of networks for the spread of new
farming technologies (Conley and Udry 2010, Duflo, Kremer and Robinson 2006),
deworming drugs (Kremer and Miguel 2007) and labor markets (Munshi 2003). Online social networks such as Facebook and MySpace have experimented with viral
marketing techniques to allow advertisers to exploit word-of-mouth when introducing
new products such as movie releases and electronic gadgets.
In this paper, we use a field experiment to analyze in detail how agents aggregate
information in a real-world social network. We are particularly interested in how
information decays as it travels through a social network and whether agents correctly
tag the source of information when aggregating information originating within their
social network. For example, consider the following communication network:

I1
Receiver

Sender
I2

In this example, the sender has a signal which she communicates to two intermediaries
who subsequently both talk to the receiver. If information is “untagged” during this
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transmission process, the receiver might “double-count” the sender’s signal as two
signals from independent senders. On the other hand, if information is “tagged” the
receiver will count the sender’s signal at most once. A theory of social learning has
to fall somewhere within this spectrum: the most popular social learning model, the
de Groot model, implicitly assumes that information is untagged (DeMarzo, Vayanos
and Zwiebel 2003, Golub and Jackson 2010b). We propose an alternative “streams”
model at the other extreme end of spectrum where instead all signals are perfectly
tagged.1
The extent to which agents in a network can tag information has important empirical implications: (1) without tagging, agents tend to pay too much attention to
information that originates within their social island and (2) agents tend to overweigh
information signals from their social network relative to their prior. The intuition for
the latter effect is that an untagged signal from a single source can reach the receiver
through multiple paths and is erroneously interpreted as coming from several senders.
This effect can provide a rational for gossip and rumors in tightly knit social networks.
Our experiment was conducted with 843 students at a large private university. We
had already measured the social network of students in the previous academic year for
other network experiments (Leider, Mobius, Rosenblat and Do 2009, Leider, Mobius,
Rosenblat and Do 2010). We seeded the network with information on three distinct
question, each of which had two possible answers. We suggested to every student one
answer for each of the three questions and we told them that the majority of students
would receive the correct suggestion. We encouraged them to talk to each other and
they could update their guess online as often as they liked. The game ended randomly
1

Acemoglu, Bimpikis and Ozdaglar (2010) have independently proposed this specification.
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after 4 days and participants who got the answers to all three questions right were
eligible to receive two movie tickets.
Our first main finding is that information decays quickly with social distance: we
find that agents incorporate information up to social distance 2. Second, we find
tentative evidence that agents in our experiment tag the signals that they received
from direct and indirect friends. This provides tentative evidence for the streams
model.
Our experimental design has several features which mitigate alternative explanations for our experimental results. Most importantly, we measure both social networks
and actual conversations conducted. This allows us to distinguish actual indirect conversations from direct conversations that we mistakenly classify as indirect because of
a mis-measured social network. Moreover, we precisely control the strength of each
individual’s information and we make participants in our study aware of this fact.2
Hence, there are no a priori reasons to expect that agents should attach a lower weight
to the information of socially distant neighbors.
Our experiment builds on a rapidly growing theoretical literature on social networks and a smaller experimental literature. The focus of the theory literature has
been to (a) identify conditions on the social network that guarantee convergence to
correct beliefs after many rounds of communication (DeMarzo et al. 2003, Golub
and Jackson 2010b, Acemoglu et al. 2010); (b) characterize the speed of convergence
(Golub and Jackson 2010a) and (c) identify the influencers in a social network (Bala
2

This distinguishes us from more naturalistic field experiment such as Kremer and Miguel (2007).
These authors also measure social learning in a field experiment with deworming medication. However, they do not seed the network directly with information but instead give some random subset
of the population early access to medication.
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and Goyal 1998). Many of these models rely on random graphs without information decay. Experimentalists have usually conducted lab experiments with artificially
induced networks of small size: such a setting is less suitable for testing tagged information transmission as real-world social networks where information can arrive from
a very large number of sources.
The balance of the paper is organized as follows. Section 2 discussed our theoretical framework. In section 3 we explain the design of our experiment and in section
4 we summarize the data. Section 5 describes the main results on information decay
and signal tagging which we discuss in section 6. Section 7 concludes.

2

Theoretical Framework

In this section, we flesh out two application which illustrate the importance of tagged
vs. untagged information processing.

2.1

Social Learning and Gossip

Consider the social network from the introduction and assume that the sender observes a binary symmetric signal s ∈ {0, 1} whether some agent, which we call “Bob”,
is a criminal. This signal is correct with probability q > 12 . The receiver has a prior
belief µ that Bob is a criminal. We denote the receiver’s posterior belief with µ̂.
In the de Groot model the receiver will listen to the sender’s signal and her posterior belief will satisfy:

log(

µ̂
µ
q
) = log(
) + 2 × (2s − 1) × log(
)
1 − µ̂
1−µ
1−q
5

(1)

In the streams model the receiver will realize that she double-counted the receiver’s
signal and her posterior belief will satisfy:

log(

µ̂
µ
q
) = log(
) + (2s − 1) × log(
)
1 − µ̂
1−µ
1−q

(2)

Note, that the de Groot updater overweights the information that she receives from
the social network relative to her prior. We call this the “gossip effect”.3 This model
of gossip might be particularly appropriate to explain phenomena such as “urban
legends” which are transmitted infrequently and where the original source is therefore
hard to ascertain.

2.2

Echo-chamber Effect

To illustrate the echo-chamber effect consider the following example:

I3

Sender 2

I1
Receiver
Receiver’s island

Sender 1
I2

Receivers are more likely to have strong links with more than one common friend
to senders in their own social island, such as their school, university or workplace,
3
Interestingly, an informal rule of journalism specifically requires journalists to verify a story with
three independent sources in order to prevent such double-counting.
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compared to senders outside their social island (Granovetter 1973). In the de Groot
model this type of social structure implies over-weighting of information that originates within their social island which we refer to as the echo-chamber effect.4

3

Experimental Design

Social Network Elicitation. For this experiment, we used social network data that
was originally collected for two unrelated experiments on directed altruism (Leider
et al. 2009, Leider et al. 2010). To focus on relationships with a high frequency of
interaction, we developed the trivia task technique to elicit the social network for
the second wave. Each subject listed 10 friends about whom they would answer
questions. Over several weeks, several of the listed friends were randomly selected
and each were sent an e-mail asking him to answer a multiple choice question about
himself (e.g. What time do you get up in the morning?). The subject then received
an e-mail directing her to a web page where she had 15 seconds to answer the same
question about her friend. If the subject and her friend submitted identical answers,
they both won a prize. The trivia task provides subjects with incentives to list friends
that the subject spends time with frequently (and thus is more likely to know the
friends habits).
Seeding Information. Subjects who had participated in the social network elicitation were invited to a new online experiment by email. The email contained a link to
a “treasure hunt” website. The goal of the treasure hunt was to find to correct an4

This effect is different from Cass Sunstein’s notion of the echo-chamber effect that is based on
homophily. Sunstein postulates that we like to listen to people who share our opinion which leads
us to listen too little to outside opinions.
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swer to three questions (see figure 1). Subjects were told that each questions had two
possible answers (which we told to subjects). Hence, subjects had to find the correct
set of answers out of eight possible combination. Every participant who correctly
guessed the answer to all three questions received two movie ticket vouchers.
Subjects were given a suggested answer for each of the three questions (see figure
2). They were told that the majority of participants would see the correct suggestion
(the exact share was 57.5 percent).
Submitting a guess. Subjects could submit a guess for each of the three questions
(see figure 3). After a submission they received an email with a link that allowed
them to login and update their submission. We encouraged subjects to log into
the experiment as often as they liked. Only the last submission would count for
determining winners. We left the end date of the experiment vague since we wanted
to encourage subjects to update their guess frequently rather than only once shortly
before the end of the experiment.
Eliciting conversations. After submitting a guess, we asked subjects about the
conversations they had with other participants since their last submission (or since
the start of the experiment if submitted for the first time). We programmed this page
in such a way that we first asked subjects to how many people they talked to in the
meantime. After selecting a number, an input form appeared where we asked subjects
to list conversations partners by name. We took great care to make this part of the
webpage as user-friendly as possible: whenever a participant started to type a name,
the site would suggest a drop-down menu of student names for auto-completion. The
universe of names consisted of all undergraduates at the university rather than just
participants in our treasure hunt – this was done on purpose in order to distinguish
8

truthful submissions from “random” submissions. As an added incentive we paid
subjects 25 cents for each submitted conversation partner who would reciprocate the
submission when updating her own action.
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Data Description

Information on social networks was collected in December 2004 through an online
trivia task advertised on the popular student social website facebook.com.5 2,360
students signed up, generating were 12,782 links between participants out of 23,600
total links6 with 6,880 symmetric links. In total, 5,576 out of the 6,389 undergraduates
either participated in the trivia task or were named by a participant. Upperclassmen
had higher participation rates, with only 34 percent of freshman responding, but with
45, 52, and 53 percent of sophomores, juniors, and seniors participating, respectively.
The social OR-network of 5,576 individuals contains a single component (meaning all
individuals are connected) with a mean path length of 4.2 between participants.
We conducted the “treasure hunt” experiment in May 2006. Since the network
data was by now more than one year old and seniors from the previous had already
left the college we only included current juniors and seniors in the experiment.7 843
out of 1392 eligible subjects participated in the treasure hunt (about 25 percent of
all juniors and seniors).
On average, subjects reported at each update to have talked to 2.32 people. They
named 1.74 people by name (75 percent). We define a named conversation partner
5

More than 90 percent of undergraduates were already members of facebook.com at that time.
Subjects could also list non-participants in our experiment as friends.
7
We excluded current sophomores since the trivia game participation rate had been low among
freshmen in the previous academic year.
6
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as informative if (a) the partner was eligible for our experiment and (b) had logged
in before the current subject submitted its updated guess. If subjects named random
partners we would have expected only 25 percent of links to be informative. Instead,
83 percent of links were informative.8
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Results

We first use only social network data rather than conversation data for estimating
how agents process information from their social network. The limitations of this
analysis highlight the importance of using conversation data.

5.1

Inferring Social Learning from Network Data

For each agent and question we consider the agent’s final submission. We then utilize
a simple logit approach to estimate variants of the following equation:

Guess = α + β · own signal + γ · sum of signals of direct friends +
= δ · sum of signals of indirect friends + 

(3)

The left-hand side variable is either 0 or 1 depending on whether the agent’s guess
is correct. On the right-hand side, we code an agent’s own signal as −1 if her signal
was incorrect and +1 if it was correct. An implicit assumption in this coding is that
the agent’s own signal has symmetric but oppositive effects when being correct or
8

Submitting an uninformative link is not necessarily evidence of subject error or a random submission: students could have acted as conduits of information even if they were not direct participants
in the treasure hunt.

10

incorrect. We separately test this hypothesis by estimating two separate coefficient
and cannot reject equality.
The signals of direct friends in the social network (who also participated in the
treasure hunt) are also coded using the same +1/ − 1 scheme. We then assign each
direct friend to one of several bins and sum up the signals of all agents in the same
bin. Formally, the 10 bin contains all direct friends with whom the agent is connected
through 0 other common friends while the 11 bin contains all direct friends with whom
the agent is connected through 1 common friend. We analogously define the 12 and
13 bins except that the latter bin contains all direct friends with 3 or more common
friends. Note, that by construction each direct friend is contained in exactly one bin.
The signals of indirect friends who participated in the treasure hunt are similarly
aggregated: the 20 bin contains all friends at distance 2 with whom the agent is
connected through 0 other common friends. Analogously, we define the bins 21, 22
and 23.
While we also calculated bins for friends at distance 3 and higher, these coefficient are statistically insignificant at the 5 percent level and the magnitudes are also
economically insignificant.
We treat all agent/question responses as independent observations – our results
do not change qualitatively when we estimate each question separately except for
somewhat larger standard errors. The logit estimates are reported in table 1. Two
patterns stand out: (1) the estimated weights on indirect friends’ information are
substantially smaller than the estimated weights on direct friends’ information. This
indicates substantial decay of information. (2) Common friends do not increase the
weight on direct friends’ information but increase, almost linearly, the weight on
11

indirect friends’ information.
It is difficult to interpret the latter result: measurement error in our network
elicitation might imply that the number of common friends is a proxy for having
a direct link to a social neighbor. To exclude this possibility we have to utilize
conversation data.

5.2

Inferring Social Learning from Conversation Data

Conversation data allows us to approximate the actual communication exchange
within the social network much more precisely. Moreover, conversation data is timed
which allows us to only count communication paths where signals are transmitted in
a chronologically correct order. Two such sample networks are shown in figure 5.
We estimate the same logit regression as we did for the social network data except
that we define all right-hand side variables using only the conversation network. The
result are reported in table 2. The main difference between both tables is that the
estimated coefficients on direct and indirect friends’ information are scaled up by a
factor of about 5. Own information is still weighed more heavily than direct friends’
information – however, both coefficients are now of the same order of magnitude.
This scale effect is expected since the social network provides a more noisy proxy for
the actual communication structure than the conversation network.
However, the two main patterns we observed in figure 1 survive. There is substantial information decay with the weights on direct information 2 to 3 times larger than
the weights on indirect information. Moreover, additional intermediaries increase the
weight of indirect information but not the weight on direct information.

12
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Discussion

It might be tempting to interpret the data as supporting the de Groot model since
additional paths between receiver and sender increase the weight on indirect senders’
information. However, neither the simple de Groot nor the simple streams model
can handle information decay. Moreover, the fact that the weight on direct friends’
information does not increase with more common friends is inconsistent with the
predictions of the simple de Groot model.
To incorporate information decay in both models we assume that intermediaries
always transmit direct information but “forget” to transmit indirect information with
probability 1 − p. In the sample network of the introduction with two intermediaries,
the receiver attaches a weight of 2p on the sender’s information in the de Groot
model. In the streams model, she attaches a weight of 2p − p2 where the second term
capture the double-counting correction. Note, that for small p the two models become
difficult to distinguish empirically. In both models, additional paths between sender
and receiver increase the attention that the receiver pays to the sender’s information.
However, only the streams model predicts that the weight on direct friends’ information does not increase with additional paths connecting sender and receiver. The
de Groot model predicts the same increasing pattern as for indirect information.

7

Conclusion

We conduct a unique experiment to study social learning in a real-world social network. Our field experiment gives us complete control over how much information each
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agent in the network possesses. In particular, we can equalize the precision of initial
information across agents which makes it much easier to estimate a social learning
model.
We find strong evidence for information decay in the social network. This is
an important finding because standard models of social learning have focused on
convergence of long-run beliefs and have, for the most part, ignored information
decay. We also find tentative evidence that information is “tagged” and that agents
might be smarter in how they update information than the assumptions of the simple
de Groot model allow for. The streams model provides an elegant alternative to the
de Groot model which is also analytically very tractable (in contrast to models of
observational learning in networks or models of Bayesian learning from posteriors).
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Figure 1: Screen shot with questions and list of possible answers for “Treasure Hunt”
experiment
Treasure Hunt
Instructions
We lcome to the Treasure Hunt! You
w ill receive
t w o Movie Voucher s to an y A M C/Lo ew s mov ie th e a te r ifyou fi
nd all the
correct
answers tothe three questi
ons below. You have four days
until
no on of Saturd ay, May 2 7 . After h
te game ends, wew ill se
nd you an
email with the correctansw ers and the winn
ers will
have the opportunityto s
pecify apostal address
to whic
h the movie vouchers will
be sent.
These are the thre
e questio
n s:

A treasure was discovered ...

eith er " a t the bottom

The treasure w

eith er "Julius Caesar"

a s found by ...

The treasure is bur

ied ...

of the ocean" or " on top of Moun t Everest "

or " N apoleon Bonaparte"

eith er "in La rr y Su m m er s' o ffice " or " under the

John Har v ard statu e "

On the next wto pages we will suggestthree answers otyou and we will ask you to
subm it your bestguess.

Our suggest e d answers do
not have to
be correct. Ho wever, fo r each quest
ion the ma jority o f participa nts in this
experiment w ill receive the c orr ect suggestion. So a
good idea w ould be to talk to other pa
rticipants o f this gam e
( a bout half of all J uniors and Se nior s are invited). While this
game is running youanc login as many ti
mes as you want and
modify your guesses.

Next Pa
ge >>

1

2

3

4

5

Figure 2: Screen shot with suggested answers for “Treasure Hunt” experiment
Tr e a su r e H u n t
Su gge st e d An sw e r s
W e have highlighted our suggestions to you in gr e e n .

A t r e a su r e w a s discove r e d ...

a t t h e bot t om of t h e oce a n . on t op of M ou n t Eve r e st .

Th e t r e a su r e w a s fou n d by ... Ju liu s Ca e sa r .

N a pole on Bon a pa r t e .

Th e t r e a su r e is bu r ie d ...

u n de r t h e Joh n H a r va r d st a t u e .

in La r r y Su m m e r s' office .

About half of alljuniors and seniors received invitations. You can view the nam es of potential participants by sim ply starting to type
their first nam e, last nam e or their FAS usernam e in the field below - a list of m atches w illappear below that field. If no list appears
you m ight be using an old brow ser and w e encourage you to use a m ore m odern brow ser (such as IE 6, Firefox, C am ino or Safari).
Se a r ch for pa r t icipa nt s: m ay

M aya Eden
M aya Eden

<<Previous Page

N extPage >>

M aya From m er

1

M ay H abib

2
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4
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Figure 3: Screen shot with answer submission screen
Tr e a su r e H u n t
You ca n r e t u r n t o t h is pa ge a s oft e n a s you lik e du r in g t h e n e x t fou r da ys
a n d u pda t e you r ch oice s if you r e ce ive n e w in for m a t ion or ch a n ge you r
m in d. I f a ll you r ch oice s a r e cor r e ct , you w ill r e ce ive you r m ovie t ick e t s.
You subm itted your last guess on Tu e sda y 2 1 st of N ove m be r 0 4 :5 0 :3 7 AM w hich is show n below . Please m odify your guess if you
changed your m ind on a guess. You can use the invitation em ailto login again as often as you like!

A t r e a su r e w a s discove r e d ...

a t t h e bot t om of t h e oce a n .

on t op of M ou n t Eve r e st .

Th e t r e a su r e w a s fou n d by ...

Ju liu s Ca e sa r .

N a pole on Bon a pa r t e .

Th e t r e a su r e is bu r ie d ...

in La r r y Su m m e r s' office .

u n de r t h e Joh n H a r va r d st a t u e .

Ple a se don 't for ge t t o m ove t o t h e n e x t pa ge so t h a t you r ne w gu e ss ge t s sa ve d!

<<Previous Page

N extPage >>

1

2

3

4

5

Figure 4: Screen shot showing elicitation of conversations for “Treasure Hunt” experiment
Treasure Hunt
Who m did you talk to?
We are curious about the number ofople
pe with whom youhave discussed the game since the last
time you ubmitted
s
a u
gess:
4
Also, we would liketo know who h
tese people are f(i
you an
c reme mb er). To mak e itwo rth your while we will pay you 25 c e nts for
every participan
t youname wh o alsonam es you.
Participa nts you talked to:

Ma ya Eden
M urie
l Ni
ederle
M arkus Mobiu
s
tany

Brittany Casta
neda
Tanya Rosenblat

<<Previou
s Page

Next Pa
ge >>

1

2
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Figure 5: Two sample conversations
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Table 1: Estimating social learning from network data only
Variable
Intercept
CORRECTSIGNAL
INFO D1 0
INFO D1 1
INFO D1 2
INFO D1 3
INFO D2 0
INFO D2 1
INFO D2 2
INFO D2 3

N

0.383∗∗
(0.053)
0.972∗∗
(0.071)
0.084∗∗
(0.032)
0.104∗
(0.042)
0.091∗∗
(0.037)
0.095∗
(0.045)
0.023†
(0.012)
0.050∗
(0.025)
0.184∗
(0.071)
0.155
(0.120)
2,367
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Table 2: Estimating social learning from conversation data
Variable
Intercept
CORRECTSIGNAL
INFO D1 0
INFO D1 1
INFO D1 2
INFO D1 3
INFO D2 0
INFO D2 1
INFO D2 2
INFO D2 3

N

0.134∗∗
(0.042)
1.173∗∗
(0.042)
0.590∗∗
(0.052)
0.490∗∗
(0.063)
0.630∗∗
(0.078)
0.490∗∗
(0.064)
0.115∗∗
(0.023)
0.204∗∗
(0.053)
0.338∗∗
(0.083)
0.318∗∗
(0.080)
2,367
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