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Abstract

We test whether the sequence in which information is presented affects belief for-
mation within groups. In a lab experiment, participants estimate a target parameter
using a common and a private signal and past guesses of group members. Contrary
to Bayesian predictions, participants strongly react to information sequencing, even
though the informational content is unchanged. Though non-Bayesian, behavior is ro-
bustly predictable by a model relying on simple heuristics. We explore how changes
in the network structure and information timing can help alleviate correlation neglect.
Lastly, we document a key heuristic—the influence of private information on partici-

pants’ actions is time-independent.
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1 Introduction

When deciding which politician to vote for, which car to purchase, or which new restaurant
to visit, people often rely on their social networks for guidance. These networks consist of
members who receive and disseminate information at different times. When members of
a group form opinions on a topic, do their conclusions remain unchanged regardless of the
order of information arrival—e.g., whether they receive bad news first followed by good news,
the reverse, or some other order? Do they reach the same conclusion when information is
received sequentially rather than simultaneously? Does the network structure, namely, how
socially connected group members are with one another, interact with the sequencing of
information? These are the central questions we explore.

This paper presents findings from lab experiments where we manipulate both the timing
of information arrival, sequential or simultaneous, and the order in which information is
presented to assess whether these factors influence the final beliefs formed within a group.

Theoretically, if group members estimating the same parameter have ample time to de-
liberate and update their beliefs using Bayes’ rule, the sequence of information arrival should
not affect their final beliefs—all that matters is the content of the information. However,
whether this holds in practice is unclear. Understanding whether sequencing matters is
important in many social learning contexts. In elections, the order in which candidates
release policy proposals, endorsements, or responses to scandals can influence voter per-
ceptions and engagement. Timely release of favorable information can sustain momentum,
while strategically addressing negative news can mitigate damage.” In organizations, crit-
ical information about mergers or restructuring is often shared with senior management
before reaching middle management and general employees. This sequencing and utilization
of the organizational network helps manage reactions and ensures appropriate handling at
each level.” In financial markets, the timing of earnings announcements, economic data,
or corporate news affects stock prices and trade volumes, prompting traders to watch both

the information itself and the trading behaviors of their peers.” In marketing, carefully se-

1In several elections, the timing of information releases has significantly shaped voter perceptions. Thirty-
one days before the 2016 U.S. Presidential Election, the Access Hollywood tape featuring Donald Trump’s
controversial remarks was released, and eleven days before the election, FBI Director James Comey an-
nounced the reopening of the investigation into Hillary Clinton’s emails. Similarly, five days before the
2000 election, reports surfaced about George W. Bush’s past DUI arrest. Given when they occurred, it is
challenging to think these releases were not strategically timed.

2During Disney’s 2019 acquisition of 21st Century Fox, senior management kept negotiations confidential,
informing middle management and employees only after the public announcement to prepare transition plans
and address concerns. Similarly, in Microsoft’s 2016 LinkedIn acquisition, early discussions were limited to
senior executives, with broader communication later to manage messaging and speculation.

3Elon Musk’s August 2018 tweet about taking Tesla private, Apple’s unexpected revenue guidance cut in
January 2019, and Pfizer’s announcement of its COVID-19 vaccine effectiveness in November 2020 demon-



quencing the release of product teasers, official announcements, and detailed information can
build anticipation and optimize consumer engagement. Done right, this can spark curiosity
and buzz across social media platforms such as Twitter, Instagram, and TikTok, leading to
widespread engagement.

A better grasp of how information sequencing affects social learning can help us assess
the robustness or fragility of information acquisition via decentralized social platforms—an
increasingly significant source of information for many.

Moreover, understanding how the sequence of information affects social learning is impor-
tant, even when the flow of information is not deliberately controlled by anyone. For instance,
take a group of investors evaluating a new startup. By chance, some of the investors might
first hear about the company’s positive developments, such as breakthrough innovations or
new market opportunities, while some other partners later learn about setbacks, such as
failed prototypes or lost partnerships. Having received the good news before the bad, the
investors might decide not to invest. However, if they had learned of the setbacks first, fol-
lowed by the positive developments, they might view the company as overcoming challenges
and making progress, potentially leading them to invest. Even though the sequencing is
random, it still occurs in a specific order, which can still influence beliefs.

To examine how information sequencing influences social learning, it seems natural to
refer to the extensive literature on individual-level belief updating.” However, applying these
findings to social learning contexts is not straightforward, as social learning environments
introduce unique factors absent in individual-level setups. To properly analyze how informa-
tion sequencing affects belief updating in social settings, we must account for specific criteria
inherent to social learning. First, how agents process information may depend on the observ-
ability of the information source—whether the information is common knowledge, privately
held, or shared in another form. Second, the network structure may matter: whether agents
observe the actions of only one or all group members can influence their conclusions. Third,
agents may internalize their private information—what they observe directly—differently
from information inferred by observing others’ actions. This difference can arise because
when learning from others, agents must deduce how others map signals into actions, adding

an additional layer of uncertainty. These are nuances not present in individual-level setups.

strate how the timing of corporate news can have a significant impact on stock prices and trading volumes.

4Before the iPhone X launch, Apple released a series of teasers that sparked speculation on social media.
Similarly, Marvel Studios staggered the release of trailers for “Avengers: Endgame,” keeping fans eagerly
discussing each reveal. Tesla’s cryptic hints ahead of the Cybertruck unveiling also generated widespread
curiosity across various social platforms.

5In a survey with more than 9,200 respondents, ( ) find 71% of Americans get
at least part of their news through social media platforms.

®For a comprehensive survey, see ( ).



In addition to understanding how information sequencing affects social learning, and the
impact of the aforementioned channels, of key importance for our analysis is to understand
how individuals incorporate their private information. What weights do they place on their
private signals, whether these weights change based on when they receive their signals, and
so on. A substantial body of work utilizes the ( ) model to examine how
agents learn within networks. In the classic DeGroot model, all agents start with a set of
beliefs, akin to receiving all information upfront—eliminating the need to explicitly model
how private information is incorporated. However, if we are interested in studying a setup
with sequential information arrival, understanding how agents incorporate new information
becomes essential. This proves challenging in practice, as general assumptions about how
agents handle private information lead to limited results.” By deriving insights into how
individuals process information, this paper helps us form concrete assumptions, which, in
turn, help with tractability. Ultimately, findings from this paper can guide the formation of
data-driven assumptions, helping us further develop the theory behind social learning.

Overall, guided by real-world features of learning in groups, to effectively study the
impact of information sequencing on social learning, we vary the order of information in an
environment that considers signal observability, includes both direct and inferred information

from others’ actions, and explores the role of network structure.

Experimental Design. Each participant plays eight games, with each game consisting of
40 rounds. At the beginning of each game, groups of four participants observe a common sig-
nal informative of a payoff-relevant parameter. In each round, participants are incentivized
to input their best guess of this parameter. Within a group, participants have access to a
subset of other members’ previous-period guesses. In the first treatment, participants can
see the previous guess of only one other member (a ring network); in the second treatment,
participants have access to the previous guesses of all members (a complete network). In ad-
dition to the common signal, each participant eventually receives a single informative private
signal. These signals arrive in different sequences: in some games, all participants receive
their signals jointly in the same round; in other games, information arrives sequentially, with
each participant receiving a signal at a different round. Between each round of information
arrival, there are multiple rounds in which information can disseminate through the network.

We vary whether the private signals arrive jointly or sequentially, and in the latter case,
we also vary their arrival order. The game is designed such that all other elements remain
fixed—the network, the realized signals, and the identity of those receiving them. In doing
so, we isolate the effect that the timing and order of information per se have on the final

beliefs formed by the group.

"See ( ), which extends the DeGroot model to account for sequential information arrival.



Results. First, the data reveals that the sequencing of information influences groups’ final
beliefs. The same group of participants, within the same network structure, receiving the
same information in a different sequence, form beliefs that are statistically significantly
different. Thus, the sequencing of information has a substantial impact on the final beliefs
formed in groups, even when accounting for and holding fixed all other aspects of social
learning. For the specific context, this is at odds with Bayesian learning, under which we
ought to see no difference.

Second, we find that the common signal, observed by all, is overrepresented in the fi-
nal beliefs formed by group members. This overrepresentation manifests as correlation ne-
glect—agents learn not only directly from the signal but also from others’ actions. However,
in the latter case, they fail to fully account for the fact that others” actions also incorporate
the common signal. We find that the order of information and the network structure can
mitigate correlation neglect. Specifically, changing the network structure from a ring to a
complete network reduces correlation neglect by up to 32%. While this shift may be costly
in practice, we find that releasing information sequentially rather than simultaneously—
a potentially more feasible change—can reduce correlation neglect by up to 75%. Thus,
thoughtfully designing the communication structure and strategically planning the informa-
tion release protocol within, say, a corporation can considerably shape members’ viewpoints.

Third, we investigate the reasons behind why the sequencing of information affects beliefs.
Our findings suggest that while deviations from optimal behavior occur in various forms, the
primary behavioral factor driving this effect is participants’ inability to adjust how they
incorporate their private signal based on when they receive it. Specifically, we observe that
participants fail to modify the weight they place on their private signal according to its
timing. To our knowledge, we are the first to document this time-independent approach to
processing one’s own information. Although the stronger influence of the most recent signals
might at first appear to be a typical case of recency bias—frequently observed in individual-
level updating studies—our findings reveal a different underlying mechanism. Because
agents assign a fixed weight to their private signals, those who receive their signals in later
rounds effectively overreact the most to their private information, causing this information
to be overrepresented in the final beliefs. Therefore, the greater influence of recently released
signals is not merely a result of timing but rather a consequence of the relatively fixed manner
in which individuals incorporate their private information.

Finally, we proceed to estimate a hybrid model that nests the Bayesian and sequential
DeGroot models while allowing for intermediate levels of sophistication. Our results indicate
that the version of the sequential DeGroot model that allows for more flexible weights on

others’ previous actions does an impressive job of predicting participants’ behavior. This



suggests that information sequencing in uences beliefs in a predictable manner. While ad-
ditional testing and model re nements may be warranted, the robustness of the current
model's predictions is nevertheless striking.

Literature. A signi cant experimental literature, both in the lab and eld, explores social-
learning patterns and the models that best describe the observed data. Studies such as
(2020), (2005), (2015), (2015),
( ), and ( ) compare naive and Bayesian
social-learning models, where information typically arrives at the start of the experiment.
These papers show that as network structures become more complex or information about
them is limited, the Bayesian model struggles to predict participants' behavior.
( ) examine a setup where agents receive new binary signals each round and nd
that group size and the observability of others' actions and signals improve nal outcomes.

Most existing experimental literature uses discrete signals and actions (typically binary).

In these setups, the coarse action space prevents participants' actions from fully re ecting
their beliefs. Using a discrete action space, particularly binary choices, makes it di cult or
impossible to precisely estimate the weights participants place on their own signals or others'
actions. Beyond repeated actions, this work di ers from the hearing literature|where coarse
actions lead to information cascades{by employing a rich action space. However, some
papers do utilize a continuous-action space, such as ( ) and

( ). By varying the network structure, these papers study whether predictions
originating from naive social-learning models hold, such as that more central individuals
have greater in uence.

An additional related paper is ( ), which examines whether group decision-
making can moderate the recency e ect in audit judgments often observed in individual
decision-making. Our work di ers in several key ways. First, ( ) uses binary
signals and outcomes while we employ a rich signal and action space, allowing for precise
estimations of weights agents place on each source. Second, they treat all information as
common, observed by all group members, whereas we distinguish between common and
private signals, which, as this paper shows, is crucial for understanding belief formation in
groups. Lastly, in this study, the group submits a single collective action, which eliminates
the ability to explore the e ects of a network structure|a key aspect our paper addresses
to examine how networks can mitigate biases.

8In some cases, the signal space is rich, drawn from, for example, a normal distribution, but actions
remain discrete, such as guessing left or right.

® ( ) also employ a continuous action-space in an experiment with sequential learning,
in which, agents act one after the other and move only once.



We also relate to the literature on correlation neglect. ( ),

( ), ( ), and ( ) emphasize
the prevalence of correlation neglect. As ( ) show, correlation
neglect is present even in simple environments where information sources are mechanically
correlated. ( ) analyze the extent to which correlation neglect a ects
social learning in a vertical network structure, in which participants can observe previous
players' actions and take a single action. They nd that a naive social-learning model does
a better job of predicting various comparative statics.

Of relevance is also the literature on individual-level belief updating. For an excellent
summary, see ( ). Out of the many documented errors in probabilistic reason-
ing and judgment biases, the most relevant to our work are errors exhibited by individuals
who update their beliefs after receiving multiple signals sequentially, in particular, their ten-
dencies to overweight earlier or later signals. Several experiments suggest that people are
more in uenced by information that they receive early in a sequence compared to informa-
tion that they receive in the middle of the sequence. This is known as th@imacy e ect,
see (1967), (1967), (1968), and
( ). On the other hand, several studies observaecency e ect, suggesting that the most
recent signals have a greater in uence on nal beliefs than those observed in the middle
of a sequence, see ( ), ( ), ( ),

(1975), and (1992).

An important distinction from this literature is that in our setting, participants receive
a single private signal. Thus, from an individual updating point of view, there is no room
for a primacy or recency e ect However, in our setup, the time when the private signal is
received di ers, allowing us to measure whether participants adequately adjust the weight
they place on the only private signal they receive. Since participants receive a single signal,
this weight adjustment is thus present only in social learning settings, and can not directly
be tested in a single-agent setup.

2 Conceptual Framework

This section introduces the environment, Bayesian agents' behavior, and relevant non-
Bayesian models. A reader not interested in the predictive power of non-Bayesian models
can skip their discussion. All model-free results, such as whether the timing and order of
information arrival a ect nal beliefs, changes in correlation neglect due to changes in the
network structure or information sequencing, and how participants are a ected by their pri-
vate signals, can be interpreted as particular deviations from the Bayesian benchmark. For



readers interested in the non-Bayesian models, especially in the estimation of the parame-
terized model in , the rest of this section is relevant.

The Environment. Consider a directed network of four agents, where a link from agent
to agentj implies agenti can observe the past action of ageft In particular, consider aring
network and acomplete network At the beginning of the game, a payo -relevant parameter
is drawn from a uniform distribution on the interval [0;1000]. The game consists of 40
rounds. In the rst round, all agents receive a common signad., normally distributed
with mean and variance 2. In addition, agents receive private signals;, which are also
normally distributed with mean and variance 2. To simplify the environment, we set
2= 2= 2 making each signal equally informative. These private signals are either
released simultaneouslylall in round ve|or sequentially, with one signal arriving in round
ve and additional signals released every eight rounds. Thus, signals may arrive in rounds 5,
13, 21, and 29, which we refer to as th@formation rounds. "~ In each round, based on the
available information, agents submit their best estimate of the payo -relevant parameter,
with agent i's estimate in roundr denoted asg;, . After 40 rounds, for one randomly chosen

calculated as

payo ; =max B Gir 30

where > 0 represents the sensitivity of the payo with respect to the distance from the
target. B represents the maximum bonus, which is achieved if the guags, of agenti in
the randomly chosen round 4s exactly equal to . The payo linearly decreases fronB the
further the guess is from , with a lower bound of zero.

Bayesian Agents.  Consider a group of Bayesian agents who have common knowledge of
Bayesian rationality. With only the common signal available, regardless of their risk prefer-
ences, Bayesian agents maximize their expected payo by setting their guags = s.. To
see this, note that because the prior is di used, the distribution of the common signal repre-
sents the posterior distribution of the beliefs of the agents. Hence, after observing common
signal s;, Bayesian agents believe is distributed normally with mean s, and variance 2.

01n theory, in a complete network, once an agent receives their private signal, it takes one additional
round for all other agents to incorporate that information. In a ring network it requires three additional
rounds for the information to spread, so it requires up to four rounds in total. To ensure ample time for
information to reach all agents, we allocate twice the theoretically required dissemination time, leading to
information being released every eight rounds.

11 Although the uniform distribution is not a conjugate prior of the normal distribution, for realizations of
su ciently away from the boundaries, the posterior of Bayesian agents is approximately normally distributed
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The expected payo is then the dot product of the symmetric and single-peaked posterior
with the symmetric and single-peaked payo function. Furthermore, notice the payo func-
tion remains single-peaked and symmetric regardless of whether the agent is risk-neutral,
risk-averse, or even risk-seeking. Because the dot product is supermodular, the expected
payment is maximized by arranging the posterior beliefs with the payo function, which
happens when the guesg;, is set equal to the mean of the posterior beliefs. For a formal
proof of this result, see in the Appendix.

When information arrives sequentially, the rst agent receiving a private signas; will
form beliefs that are normally distributed with mean 3% and variance{. Via the same
argument as above, the optimal guess of this agentgs = =3°. In the complete network,
with a one-period delay, all other agents observe the new guess of agerBy inverting the
guess, they are able to learn the signa perfectly and, thus, also incorporate it in their
guess. In the ring network, agenj, the immediate neighbor of agent, with a one-period
delay, observes the new guess of agant Once more, agenj would be able to invert the
guess, perfectly learrs;, and incorporate it in their new guess. The immediate neighbor of
agentj would then follow the same procedure, so would their neighbor, and so on, until
the signals; is incorporated by all. For both the complete and the ring network, the same
procedure follows when the second, third, and fourth signals are released.

Similarly, when information arrives simultaneously, initially, all agents optimally incor-
porate their private information. Afterward, in the complete network, agents see the new
guesses of all other agents, invert these guesses, and incorporate the signals of all agents.
In the ring network, after incorporating their own signal, the agent inverts the guess of the
immediate neighbor and incorporates their signal in the next round. In the next round,
by observing the change in their neighbor's guess, they invert the signal their neighbor's
neighbor must have received. They do so for another round until the signals of all agents
are included in the guess.

Notice that after each round of information release, be it of a single signal or all sig-
nals jointly, the new information is incorporated by all agents within two(four) rounds in
the complete(ring) network.~ After n private signals are released, once the information is
incorporated by the agents, the variance of the posterior shrinks tgf—n, while the guess is
re-optimized to the average of than signals. Thus, in both networks, after all, information is

with mean s. and variance 2. In what follows, we focus on realizations of that are su ciently away from
the 0 and 1000 boundaries, making the described behavior a good approximation. We discuss why these
are the relevant cases in the experiment-design section. For a numerical approximation of the optimal guess
given a signal, see the Online Appendix.

2Since there are eight rounds of updating in between each information release round, Bayesian agents
have ample time to reach a consensus.



P, _
released and disseminated, the guesses of all agents convergééitesi:l—s'kegardless of the
order of signal release, or whether the signals were released simultaneously or sequentially.

Sequential DeGroot Agents (SD Agents). As in the classic ( ) social-
learning model, consider agents who, in each period, form new guesses by taking a convex
combination of their own and their observable neighbors' previous-period guesses. g
represent the weight agent places on agent, with m;; representing the weight agent places
on their own previous-period guess. If agentcannot observe a particular %gent directly,
the weight m;; will be equal to 0. Weights are normalized to sum up to 1, =1 Mij = 1.
To allow for sequential information arrival, assume that once agenmts private signal arrives,
they place weight ; on their signal. Let (t) represent the set of agents for whom signals
arrive in round t, which will be an empty set whenevet 62 6; 13; 21, 29g. The guess of agent
i inround t is then

G = ( FI;N 1 Mij Gix 1 if i 6 (t) : M

’ 1 i) Jlmljgjtl + s if 12 (b)

( ) studies this setup. Under such learning dynamics, the main takeaway of
relevance for this paper is that the nal consensus formed by the agents depends on the
timing and order of information arrival. That is, keeping the realized signals unchanged but
switching the order of signal arrival, or whether information arrives sequentially instead of
simultaneously, a ects the nal beliefs formed within the group. This nding is in sharp
contrast to the Bayesian predictions.

Although the DeGroot model has found wide applicability, both in theoretical work and
in practice, the model is limited by a key assumption, which is that the weights agents place
on their neighbors, how much theylisten to them remains xed over time; this heuristic
might be reasonable when agents have incomplete information of the network structure or
of the timing of information arrival. However, in the experiment analyzed in this paper, the
network size is small and commonly known by all participants; moreover, participants are
explicitly informed of the information-arrival rounds. Thus, it is expected that participants
might change how much they pay attention to others based on whether others received
information. To accommodate these changes, we extend the above model to allow for such
weight shifts.

Reactive Sequential DeGroot Agents (RSD Agents). These agents act similarly to
SD agents, except that they may modify the weights placed on previous-period guesses of
others depending on the timing of information arrival. Let {t) represent the set of agents

9



who receive new information, be it their own private signal or observe a neighbor who received
information in the previous round. The weight ageni assigns to agenj is

(
= pME () e My 6241

When > 1 agentspay more attentionto agents who recently received information. The
guess of agent in round t is then

( Py o
pi=t Mii (1) g 1 if i 6 (1)

@ )TN Mg+ s T2 @) ©

Ot =
where the di erence between the current speci cation (3) and the previous speci cation (1)
is that the weights m;. (t) are potentially time dependent, as described by equation (2). The
relevant aspects of the behavior of such agents are analyzed in in the Appendix.
Again, While this speci cation allows agents to pay more attention to a subset of neighbors
at speci c times, it does not require them to do so. Given the experiment features discussed
above, small network size, and common knowledge of information arrival, this speci cation
is the one that is hypothesized, based on which the information sequencing is designed.

Hybrid Agents. Finally, we introduce hybrid agents that nest the Bayesian, SD, as well
as RSD agents. For particular parameter values, the hybrid agents act as any of the above.
We introduce these agents with the purpose of estimating a general model allowing the
estimated parameter values to reveal which model best describes the behavior observed in
the lab.

As was the case for RSD agents, the hybrid agents' speci cation also allows for di erent
weights on group members who recently received information. In addition, this speci cation
allows agents to place di erent weights on their signal given the signal arrival round; that is,
the estimated ¢ is allowed to vary in time for the four information roundsf' 2 f 5; 13; 21; 29g.
Furthermore, agents are allowed to anchor toward the common signal as well as their own
signal.” Let . represent the anchoring value toward the common signal, and lef represent
the anchoring value towards the private signal once it arrives. If complete convergence is not
observed in the data, these parameters will allow us to see in which direction the guesses of
the participants di er.

13 ( ) consider a model in which, although the beliefs of the agents become more
and more similar, they do not necessarily converge. This lack of convergence happens if agents place a
permanent weight on their own signal. Consequently, although a common component of actions converges,

all actions are anchored toward the private signals.

10



Let f| represent the round in which ageni receives their private signal. The guess of
agenti in round t is then

8 P
N .
% (1 c) j=1 Mij ()Gt 1 + cSc if t< f
gi;t = § 1 i £ (1 c) sz1 rni;j (t) gj;t 1 t ¢S *+ i;f‘Si if t = f\| ; (4)
) (1 c s) jN=1 m; (t) gt 1 + cSct sSi if t> f\,

where m;; (t) is once more determined by (2). We revisit the hybrid model in ,
where we estimate the aforementioned parameters and see which model best describes the
behavior of the participants in the lab.

3 Experiment Design

The experiment was coded oPython using oTree from ( ), an open-source
platform for experimental design. A description of the interface and sample instructions are
available in the Online Appendix. The experiment design received approval from Princeton
University IRB.

The Truth and Signals. Participants play a total of eight games, each consisting of
40 rounds. They are informed that , referred to asthe truth, is drawn from a uniform
distribution on [0;1000].” Participants are not told the realized value of . They receive

a common signals. as well as a private signak;. ” Participants are informed that these
signals are normally distributed around with a standard deviation of 30. The common
signal is observed by all group members, whereas the private signal is observed only by the
participant who receives it. Thus, within each game, each group receives ve di erent but
equally informative signals.

The Timing of Signals. In the rst round of each game, the common signal is displayed
to all participants. Unlike the common signal, private signals arrive in information rounds 5,
13, 21, or 29. The purpose of the seven rounds between each information round is to ensure

14Because the realized value of plays no role for identi cation, its values are drawn once and are equal
to f455 793 312 126 202 871; 312 644 542.

5nstead of having a prior that is normally distributed, we choose to have a di used prior with a common
signal that is normally distributed. We do so to minimize Base-rate neglect. The e ectiveness of this
approach in reducing Base-rate neglect is studied in ( ).

11



ample time is available for information to disseminate across the group. The exception
is the gap between the common signal and the rst signal (rounds 1 and 5), which is only
three rounds. Because the common signal is the same for all participants, allowing ample
time for information to disseminate is unnecessary because all participants share the same
information, namely, the common signai.

In six of the eight games, information arrives sequentially, with each participant receiving
their private signal in one of the information rounds. In two of the eight games, all signals
arrive jointly in round 5.

Guesses, Incentives, and Feedback. Participants are asked to input their best guess of

within each round. To incentivize them to report their beliefs truthfully, we implemented
the following payment scheme: withirthree randomly chosen gamesyne out of 40 rounds is
randomly chosen (with each game and round being equally likely to be chosen), and payo s
are calculated as follows:

i Ggr 50

N

payo =max $10

where ; represents the truth, or the target value, in gam¢, and g;j; represents the partici-
pant's guess in round of gamej. The payo linearly decreases as the guess is further away
from the truth, with a lower payo bound of $0. Regardless of risk preferences, the expected
payo of the participant is maximized by reporting the mean of the posterior beliefs. See
in the Appendix for the optimal guess proof.

At the end of each game, participants are informed of the true value of but not whether
the game that just ended is among the three randomly chosen games that will be used for
payment.

Grouping Procedure. Participants are informed that they will be paired with new group
members after a game ends. In the rst four gamgs2 f 1; 2; 3; 4g, groups of four participants
are formed randomly within the session; however, in the last four games2 f 5; 6; 7; 8g,
participants are regrouped in the same groups as in the rst four games. That is, fpp 4,
participants are grouped in the same groups in roung as they were in roundj 4. The
motives for this particular grouping protocol will be explained shortly.

18Thus, including the round in which the signal arrives, there are four times(two times) more rounds than
needed for a group of Bayesian agents to reach a consensus in the complete(ring) network.

"However, we do not shrink this gap further because we want to ensure the common signal is exclusively
displayed to all participants as long as any other signal.

12



Signal Generation. In the rst four games|j 2 f 1;2; 3; 4g, at the beginning of the game,
ve signals are drawn from a normal distribution with mean and variance 30." Each signal
is afterward assigned to be either the common signal or the signal of a particular participant.
Forj> 4,letg = ; ; 4 represent the dierence between the realized target value in
round j from the realized target value in roundj 4. In gamej > 4, we reuse the realized
signals from gamg 4 and shift them by ¢ so that they are centered around the new target
value. That is,

G=j ja Sg=Sg atgG Sij =Sy 4t g 12f1;234g;

with s¢; representing the common signal and; the private signals of participanti in round

j . Shifting the signals by the commort; constant ensures the signals remain normally dis-
tributed around the new target value ;. However, the spread of the signals is the same as
it was four rounds earlier when the same participants were in the same group: the dier-
ence between a participant's signal from the common signal or from their neighbors' signals
remains unchanged.” Consider an example of possible realized signals in rounds 3 and 7:

Sc3 = 318 S1.3 = 270 Sp:3 = 302 S3.3 = 350 Ss3 = 334 3 =312;
Sc.7 = 650 S1.7 = 602 Sp.7 = 634 S3.7 = 682 Sa.7 = 666 7 = 644:

Note subtracting 332¢; = ; 3) from signals in round 7, and ; leads to the signals received
in round 3 and 3. Thus, adding this constant after the data collection process is equivalent
to the group receiving the exact same signals. The motives for recycling the signals in this
way will be explained shortly.

Signal Arrival Order. Even with four participants and only four information release
rounds, conditional on the realized signals,*4equences of information release are possibie.
Although for Bayesian agents, all these sequences would lead to the same nal consensus,
even for non-Bayesian agents, numerous such sequences would a ect beliefs in a similar way.
Therefore, to properly test whether beliefs are being updated in a non-Bayesian way, we focus

8The expected range for ve normally distributed signals with standard deviation 30 is approximately
70. To ensure a relatively representative draw, if the range of the ve signals is lower than 56 or higher than
84, a new sample was drawn.

19Because participants only see the common signal and their private signal, identifying the repetition of
the spread of signals is not possible.

20To see this, consider that each of the four signals can be released in any of the four information rounds.
Therefore, for each signal, there are four possible release rounds, resulting it possible sequences for the
information release.
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on sequences where, at least theoretically, we anticipate disparities in the nal belieis.

As emphasized in , given the features of the experiment (small network size,
common knowledge of the network's structure, and common knowledge of the timing of
information arrival), it is to be expected that participants might change how much they pay
attention to other group members based on information arrival. Therefore, the conjectured
behavior is that of RSD agents. The predictions for RSD agents are analyzed in

in the Appendix. For reasonable parameter values, the key takeaways of relevance are
that: (i)releasing a signal in a later round increases its in uence on the nal beliefs, and
(ireleasing signals jointly increases the in uence the common signal has on the nal beliefs.
Motivated by these predictions, we construct the following sequences.

SEQu - (Sequential, Up) - Signals arrive sequentially, with the lowest realized signal
arriving in round 5, followed by the second lowest in round 13, second highest in round 21,
and highest in round 29.

SEQp - (Sequential, Down) - Signals arrive sequentially, with the highest realized signal
arriving in round 5, followed by the second highest in round 13, second lowest in round 21,
and lowest in round 29.

SIMy - (Simultaneous, Up) - All participants receive their signals in round 5, with the
highest value signal being assigned to the common signal.

SIMp - (Simultaneous, Down) - All participants receive their signals in round 5, with
the lowest value signal being assigned to the common signal.

Based on the comparison presented in in the Appendix, sequences denoted
by U, for up, are expected to generate nal beliefs that converge to a higher level than
sequences denoted b, for down. These comparisons follow from the two predictions
described above. If signals released in later rounds in uence the nal beliefs more, releasing
the same information viaSEQy is expected to generate higher nal beliefs than releasing
this information via SEQp. On the other hand, if a joint release of signals leads to excessive
in uence of the common signal on the nal beliefs, whes. > max; s;, a joint releaseSIM
is expected to generate higher nal beliefs than a sequential release $&Qp. Similar logic
justi es the comparison betweenSIM p and SEQy.

In each session, in three games, information is releasedsQy, in three games, infor-
mation is released aSEQp, information in one game is released &IM y, and in one game
information is released asSIMp. In each session, the rst four games alternate between
up sequencesnd down sequencesThe choice of the last four sequences is closely linked to

2INote that if we were to randomly draw sequences, by drawing sequences that lead to the same nal
beliefs, we would often wrongly conclude that participants are updating beliefs in a Bayesian manner even
if they were not doing so.

22For a detailed analysis, see in the Appendix.
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the rst four sequences. If the sequence for game2 f 1; 2; 3;4g was an up sequence, the
sequence for game + 4 is a down sequence, and vice versa. An example is presented in

Figure 1. Sequence Matching

Notes: For the eight games each participant plays, the gure above illustrates an example of sequence matching, showing that
each game where information is released via an upward sequence is paired with a game where information is released via a
downward sequence, and vice versa.

As a result, two of the matched sequences a®EQ vs SEQ, that is, sequential up
versus sequential down sequences, and two of the matched sequencesSHw vs SEQ,
consisting of a simultaneous up matched with a sequential down sequence and a simultaneous
down matched with a sequential up sequence. In total, there are four matched sequences
corresponding to eight games.

Integrating All Steps. To summarize, in gamg 2 f 5;6;7;8g, groups are identical to
those in gamej 4. This regrouping ensures the di erence in the group's nal guesses in
gamej andj 4 does not re ect di erences in individual characteristics. For each group

in gamej 2 f 5;6;7;8g, the truth and the signals are identical to those in gamg 4.

The recycling of signals ensures the di erence in the group's nal guesses in ganand

] 4 s not a result of the particular signal realizations. Because the network structure
is xed within a session, the network structure between gamegs 2 f5;6;7;8g andj 4

is also unchanged. Keeping the network structure unchanged within a session ensures the
di erence in the group's nal guesses in gamep andj 4 is not a result of the varying
network structure.

Then, within each group, the only di erence in gamg 2 f 5;6;7;8g and gamej 4 is
the sequencing of information arrivat.” Therefore, we have created a controlled environment
that allows us to isolate the e ect that information sequencing has on the group's nal beliefs.

Nonetheless, a di erence between game2 f 5;6;7;8g andj 4 is the participant's accu-
mulated experience. Participants may have understood the game better and thus modi ed

23To ensure the e ect we capture is not driven by the order of up and down sequences, the order of
the sequences diers in di erent sessions. The alternative utilized sequence starts with a down sequence:
fSEQp;SEQu;SEQp;SIMy;SEQu;SIMp;SEQu;SEQpg.

24Except for a common shifter ¢, which is subtracted after the data collection.

25The shu ing of the order of the sequences (whether the session starts with an upward or a downward
sequence) ensures the documented di erence is not driven by the order itself.
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their strategies. This concern is what motivates the alternating sequences. The distribution
of up and down sequences across the rst and last four rounds is equal; thus, participants'
experience cannot selectively a ect the nal beliefs of upward or downward sequences. For
any reasonable impact that learning might have on participants' strategies, this alternation
between up and down sequences should ensure learning is not what drives the results.

Treatments and the Interface. In theory, displaying the signal for a single round is
su cient for participants to incorporate it. However, to ensure they do, both common and
private signals are shown for four consecutive rounds. The interface also displays the last
two guesses of observable group members. Without this, Bayesian agents would need at
least one period of recall for optimal decisions. By providing two past guesses, they can
make optimal choices with no recall needed. All relevant information for optimal decisions is
always available on the screen. For more details on the interface, see the Online Appendix.

To account for environments in which the available information content di ers, we run
two treatments, the ring network and the complete network We do so to see whether the
network structure a ects the belief updating process, as well as a robustness check. That
is, does the phenomenon we document prevail only in conditions with limited information,
only in conditions with abundant information, or both?

In the ring network, participants see the past guesses of only one group member, whereas
their past guesses are observed by another group member. Participants have no uncertainty
about the timing of the common signal; it always arrives in the rst round. They also
have no uncertainty about whether they have received their signal. However, in rounds in
which a signal arrives, but the participant themselves is not the signal recipient, they are
not explicitly informed about the identity of the group member who received the signal. In
theory, by observing their neighbor's guess changes, they can deduce whether the neighbor
they observe is the one who just received a signral.

In the complete network, participants see past guesses of all other group members,
whereas their past guesses are observed by all. Once more, participants know when the
common and their private signal arrives. In addition, in rounds in which a signal arrives,
but the participant themselves is not the signal recipient, they are explicitly informed about
the identity of the group member who received the signal. Thus, in the complete network,
participants have more information through more observable past guesses, as well as through
the knowledge of the identity of the signal recipient.

26Furthermore, they know information arrives sequentially in six out of eight games, whereas in two out
of eight games, all information arrives jointly in round 5. Thus, if a participant does not receive a signal in
round 5, they can deduce that they are not in a round in which all signals arrive jointly in that round.
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Design Discussion.  We want to delve deeper into two aspects of the experiment design.

First, while the experimental setup may appear complex from an analytical standpoint,
it is relatively straightforward for participants. Essentially, participants are asked to guess a
number between 0 and 1000, receive unbiased information, and observe the guesses of others.
The complexity of the setup is largely hidden in the background, having minimal impact on
the participants. Naturally, a simpler experiment could have been designed with random
grouping, random signals, and information sequencing. This would eliminate the need for
repeated grouping and information recycling protocols. However, this would introduce more
randomness and noise since we would have to account for both individual heterogeneity and
signal noise, requiring a larger sample size to achieve statistically signi cant results|this
can be formalized with basic power analysis.

Second, the monotonicity of the signals released during the experiment warrants discus-
sion. We used monotonic sequences to reduce noise and simplify the prediction of belief
outcomes. However, the core implications of this paper, which will be elaborated on in the
next section, remain valid regardless of how information is released|even for cases in which
information is not released monotonically. Moreover, the release of information in a mono-
tonic manner should not, in essence, interfere with participants' belief updating process.
This is because participants only observe the common and their private signal. Although
participants observe the actions of others, average group beliefs rarely evolve monotonically,
even if the signals themselves are monotonic. Therefore, while the monotonicity of infor-
mation is analytically relevant, it does not manifest from the participants' perspective; it is
neither re ected in the information they receive nor in the actions they observe.

Experiment Summary. Experiments were run atPrinceton Experimental Laboratory for
the Social Scienceg ). In total, 136 students participated in the experiment, with 64
participants in the ring network and 72 participants in the complete network. We ran at
least four sessions for each treatment, with at least 12 participants in each session. The
average earnings wer831, including the $10 show-up fee.

2This is because the initial common signal is usually moderate, being higher than some signals but lower
than others. Consequently, the initial signals may initially pull beliefs upward or downward, while later
signals pull them in the opposite direction.

28The highest theoretical earning is $40, achieved if the participant exactly guessed on the randomly
chosen rounds in all three randomly chosen games.
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4 Results

4.1 Bayesian Expected Behavior

Before we explore the results from the observed data, we simulate the behavior we would

see from Bayesian players (as described in ).
Recall that participants play eight games, leading to four matches of upward versus
downward sequences. The average optimal Bayesian guesses are shown in . To make

graphing these values easier, we normalize the signals and guesses by subtracting the group's
common signal from theni.” Thus, in each graph, zero corresponds to the group's common
signal, which is why, in the beginning, before any other signal arrives, the average group
guess is equal to zero. The gray, dash-connected gures represent the normalized average
signals. The blue(orange) connected squares(dots) represent the normalized average beliefs
of Bayesian agents after the signals have been received via an upward(downward) sequence.
Recall that signals arrive in rounds 5, 13, 21, or 29. To allow for enough time for information

to disseminate in the network, the average group beliefs have been calculated seven rounds
after any signal release. The guesses are averaged across all rounds with the same sequence
matching.

Figure 2: Average Bayesian Guesses

Notes: The gures above illustrate the evolution of beliefs for a Bayesian agent when encountering upward sequences (blue
squares) and downward sequences (orange circles). They also shows the signals received during upward sequences (gray squares)
and downward sequences (gray circles). Notably, the gures demonstrate that when all information is revealed, Bayesian beliefs
converge to the same point.

Within each of the four matched sequences, the information content is always identical;
the only di erence is the order in which information arrives. As shows, regardless

of whether signals arrive via upward sequences (blue graphs) or via downward sequences

29To ensure an adequate comparison with gures we introduce later on, we use realized signal values from
the actual experiment.
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(orange graphs) after all information has been received and disseminated in the network,
the nal beliefs of the group converge to the same value. In other words, the nal beliefs
formed by Bayesian players are not a ected by the order of information arrival, nor are they

a ected by whether signals arrive sequentially or simultaneously.

In the online appendix, we simulate the behavior of Bayesian agents that might make
mistakes (implementation errors). We do so by adding noise on the signal incorporation
weights ( weights), as well as on the weights placed on others' observable actions;;(
weights). Regardless of the amount of implementation noise, on average, the nal beliefs
from upward and downward sequences converge to the same point. Thus, the addition of
noise, while making the data less precise, does not change the predicted Bayesian behavior.

Note, however, that even for Bayesian agents, the beliefs formed from upward and down-
ward sequences di er before all information has been released. This di erence should come
as no surprise because, until that point, participants see di erent information. Not until
all information has been released does the information content of upward and downward
sequence become identical.

It is also important to note that the evolution of beliefs is not necessarily monotonic even
in cases in which information is released sequentially in an increasing or decreasing mannetr,
see for example the second and third graph in . This is because the common signal
lies between the extreme signal values.

4.2 Information Sequencing and Final Beliefs

We now explore how participants' actual beliefs, or reported guesses, are a ected by the
sequencing of information. plots participants' guesses averaged over all matched
sequences across both treatments. It is similar to but aggregates all matched
sequences and utilizes the actual data instead of the simulated Bayesian guesses.

19



Figure 3: Observed Average Guesses across Treatments

Notes: The gure above illustrates the observed evolution of participants' average beliefs when encountering upward sequences
(blue squares) and downward sequences (orange circles). The gure also shows the average signals received during upward
sequences (gray squares) and downward sequences (gray circles). Notably, the gure demonstrates that when all information is
revealed, participants' beliefs do not converge to the same point.

If the sequence of signal arrival played no role in determining nal beliefs, both graphs
should converge to the same value, as was the case for the simulated Bayesian guesses.
However, from , We see that the graphs do not converge to the same value, implying
that the sequencing a ected nal beliefs. Thus, even though the network structure, the
group members, and the received signals were identical, the order in which these signals were
received in uenced the nal beliefs formed within the group. Furthermore, the gure reveals
beliefs are a ected in a predictable manner: the upward sequences (blue graph), on average,
converge to higher beliefs than the downward sequences (orange graph)Furthermore,

in in the Appendix shows the predicted direction holds separately both
in the ring and complete networks. Even more striking, the predicted direction holds, on
average, not only within treatment but also within each matched sequence in each treatment.
This breakdown is presented in in . The nding is noteworthy, and we
take it to indicate that participants' behavior, although not Bayesian, is robustly predictable.

30Recall that these sequences were a key part of the experimental design. They were based on the predicted
behavior of RSD agents and constructed before any data was collected. The above graph reveals that, on
average, over all matched sequences, across both treatments, the RSD model seems to do a good job predicting
the direction in which information sequencing a ects nal beliefs.
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Table 1: Sequence In uence

4 Guess Round 32-36
(No Cluster) (Individual Cluster) (Group Cluster)

Constant 8.298 8.298 8.298
(0.000) (0.000) (0.000)
Sequential 0.151 0.151 0.151
(0.855) (0.899) (0.941)
Ring Network -0.180 -0.180 -0.180
(0.833) (0.916) (0.941)
Sequential Ring Network -1.952 -1.952 -1.952
(0.105) (0.366) (0.594)
Round Fixed E ects Yes Yes Yes
N 2720 2720 2720

p-values in parentheses
p< 010, p< 005, p< 001

Notes: The variable Constant captures the di erence between the beliefs from upward and downward sequences. Sequential
is a dummy variable equal to one if the matched sequence was SEQ vs SEQ, that is, if both the matched sequences released
information sequentially. Ring Network is a dummy variable equal to one if the data comes from the ring network, whereas
Sequential Ring Network represents an interaction term between these two variables. Each column presents the same
regression with a di erent error clustering level.

Although the above graphs show that, on average, the upward sequences converge to
higher values than the downward sequences, from these graphs alone, we cannot discern if
this di erence is statistically signi cant. To see if a statistically signi cant di erence exists
between the beliefs generated by the di erent sequences, we subtract the downward sequence
from the matched upward sequence. In , We present a xed-e ects regression,
allowing for di erent intercepts in each round.” The estimated di erence is statistically
signi cant, with a p-value much lower than 0.01 regardless of the clustering level. The
estimated coe cients for Sequential Ring Network and Sequential Ring Network are not
statistically signi cant, implying the gap between the upward and downwards sequences is
roughly the same in both treatments and matched sequences.Depending on the round,
the treatment, and the sequence, the gap is approximately between ve and eight and always
statistically signi cant.

To put things into perspective and to evaluate whether this e ect is economically signi -
cant, note the initial standard deviation of each signal is 30; because the group receives ve

31There are seven rounds between the release of private signals but 11 rounds between the nal signal
and the game's end (rounds 29{40). To avoid bias from this extended period, the table's analysis uses data
up to round 36, ensuring equal dissemination time after each signal. The extra rounds are analyzed in the
appendix, where we con rm that the observed di erences are not temporary. In theory, in the complete
network, information fully disseminates one round after the last signal is released, while in the ring network,
it takes up to three rounds. Therefore, rounds 32{36 are used to test the di erences in nal beliefs.

32|n the Online Appendix, the last four rounds are analyzed to ensure that no major di erence is observed.
In in the Appendix, we run the same regression while controlling for the feedback participants
received. The results show that the feedback had a minimal and statistically insigni cant impact on the
reported beliefs. To make sure that the signi cance documented in is not being driven by pooling
the observed data across di erent rounds,Table 1 in the Online Appendix reports a regression utilizing
only data in round 36]|results remain qualitatively unchanged. Furthermore, as can be seen in ,

, and show, the di erence is signi cant in any of these rounds.

33Round 33 and 34 xed e ects are not statistically signi cant. Round 35 xed e ect is equal to -1.12 and

is signi cant at the 0.10 level, whereas round 36 xed e ect is equal to -1.51 and signi cant at the 0.05 level.
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signals, the ex-post standard deviation, or the standard deviation that the posterior should
have given the information available to the group, is theA®s  13:4. Hence, the estimated
e ect approximately corresponds to at least= and at most=s of the ex-post standard devi-
ation. We argue this e ect is sizable, given that the network structure, the group members,
and the received signals were identical, yet, by changing the order in which information is
presented, we can have a rst-order e ect on the nal beliefs.

4.3 Early and Delayed Signals

We next evaluate the intensity with which a signal a ects nal beliefs depending on when the
signal was released. We utilize data from games in which information is released sequentially.
We compare the weight signals have on participants' guesses after all information has been
released and disseminated in the network. We allow for a level shift on the signals' estimated
e ect for games in which the signals were released in later rounds while also controlling for
the common signal. The regression reported in presents the estimated parameter
values separately for the ring and complete networks. Alternative p-values are also presented
depending on the clustering level of the errors.

Table 2: Earlier vs Later Signals
Guess : Round 32-36

Ring Network Complete Network

(No C) (Individual C) (Group C) (No C) (Individual C) (Group C)
Sc 0.282 0.282 0.282 0.225 0.225 0.225

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Si 0.148 0.148 0.148 0.152 0.152 0.152

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Additional Weight 0.0554 0.0554 0.0554 0.0848 0.0848 0.0848

(0.000) (0.001) (0.017) (0.000) (0.000) (0.000)
N 1920 1920 1920 2160 2160 2160

p-values in parentheses
p< 0:10, p< 005, p< 0:01

Notes: The S parameter captures how the common signal a ects nal beliefs, S; captures how a private signal a ects nal
beliefs if released in an early round(round 1 or 2), and the Additional Weight variable captures the additional in uence a signal
has on the nal beliefs if this signal is released in a later round(round 3 or 4).

The positive and statistically signi cant value of the Additional Weight indicates that
when released in later rounds, signals a ect the nal beliefs more. In particular, this weight
boost is 00554 in the ring network and @0848 in the complete network. Thus, for example, if
a signal is released in an earlier round, the signal's in uence on the nal beliefs is aboulb.

34 Although not the focus of the main analysis, we analyze the evolution of beliefs through each round in
in the Appendix. There we further examine the di erence between the evolution of beliefs in

the complete and ring network.
35To make sure that the signi cance documented in is not driven by pooling the observed data
across di erent rounds, in the Online Appendix, we report regressions utilizing only single round data; results

remain qualitatively unchanged.
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However, if the same signal is released in a later round, the weight of this same signal would
be boosted to ®0(0:23) in the low-(high-)information treatment. Hence, indeed, signals
released in later rounds seem to a ect nal beliefs more.

Because the common signal and the private signals have the same precision, after infor-
mation disseminates, the optimal weight to place on each signal ¥s. Thus, in the ring
network, the common signal is overweighted, the earlier released signals are underweighted,
and the later released signals are, on average, adequately weighted. On the other hand, in
the complete network, the early released signals are underweighted once more, whereas both
the common and later released signals are overweighted. In the following subsection, we
further study the common signal's in uence on nal beliefs.

4.4 The Common Signal and Correlation Neglect

We further examine how the common signal in uences the nal beliefs formed within a
group. To do so, we regress participants' guesses, after all information has been released and
disseminated in the network, on the common sign&., and interactions of S; with SEQ

and HIT . SEQ is an indicator equal to 1 if the data originates from a game in which
information was released sequentiallySIM , which stands for simultaneous, is an indicator
function equal to 1 SEQ. HIT is an indicator equal to one if the data originates from
the complete network. We also control for private signals and their interaction with the
above-mentioned indicators. Because the variables of interest are the common signal and
its interactions with the above-mentioned indicators, these estimated values are presented
in . The complete regression is reported ifable 4 in the Online Appendix.

Table 3: Weight on Common Signal

Guess Round 32-36
(No Cluster) (Individual Cluster) (Group Cluster)

Sc 0.412 0.412 0.412
(0.000) (0.000) (0.000)
S. SIM Complete -0.0677 -0.0677 -0.0677
(0.000) (0.025) (0.159)
S. SEQ -0.159 -0.159 -0.159
(0.000) (0.000) (0.001)
Sc SEQ Complete -0.0737 -0.0737 -0.0737
(0.000) (0.006) (0.032)
Private Signals Controls Yes Yes Yes
N 5440 5440 5440

p-values in parentheses
p< 010, p<005 p<001

Notes: The coecient on S captures the common signal's in uence when information is released simultaneously in the ring
network. SEQ is a dummy variable equal to one if both matched sequences released information sequentially.  sIM is a dummy
variable equal to one if one of the matched sequences released information simultaneously. Complete is a dummy variable equal
to one if the data comes from the complete network.

The common signal accounts for about 42% of the composition of the nal beliefs.
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Recall that because the common and private signals have the same precision, the optimal
weight to place on each signal i$s. Thus, in the ring network, when information arrives
simultaneously, participants are excessively in uenced by the common signal. Although
participants learn from the common and private signals, they also rely on other group mem-
bers' guesses when updating their beliefs. In our setup, correlation neglect, a well-studied
and documented phenomenon, arises if participants do not adequately account for the fact
that others' guesses are correlated. This correlation arises from other group members also
incorporating the common signal in their guesses.

As can be seen from the above regression, overweighting the common signal, or correlation
neglect, is about 32% lower in the complete network. However, these two treatments may
be thought of as separate setups, because fundamentally changing the network structure
in practice, especially in the direction of making all nodes more connected, might not be
a feasible policy change. reveals that a sequential release of information can also
drastically reduce correlation neglect. Concretely, when going from a simultaneous release
of information to a sequential release of information, correlation neglect is reduced by about
75%." In contrast to fundamentally changing the network structure, altering the order
of information release, depending on the institution, might be a feasible policy change.
By releasing information sequentially, the magnitude of correlation neglect may be sizably
reduced.

Figure 4: The Common Signal's In uence

Notes: The graph above represents the weight the common signal has on participants' guesses in each round. The graph also
shows the 95% con dence interval of the estimated weight.

presents how the common signal's in uence evolves through each round. As
can be seen, when information arrives sequentially, the weight commanded by the common

36The estimated parameter onS. SIM HIT is 0:0677, whereas the correlation neglect, or the
additional weight on S; beyond it's optimal level, is 0:412 0:2 = 0:212. This additional weight is reduced
by 0:0677=p:212  0:32%.

3"The estimated parameter onS, SEQ is 0:159, leading to a reduction of 0:159=:212  0:75%.
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signal gradually declines after each round in which a private signal arrives. By contrast,
we see that in games in which all information arrives jointly, the dynamics of the common
signal's in uence are quite di erent. In such games, the common signal loses a substantial
amount of in uence immediately in round 5, when all participants receive their private
signals. However, afterward, this impact barely changes, and consequently, the common
signal ends up overin uencing the nal beliefs”” To summarize, by avoiding the release
of information in large batches, especially in nodes that are directly connected, correlation
neglect may be substantially reduced. Depending on the institution's network structure, this
may be achieved without increasing the total information dissemination time.

4.5 Further Reduced Form Support for RSD Agents

Recall that the particular sequences utilized in this experiment were motivated by two pre-
dictions from the RSD agents model. For reasonable parameter values, the key takeaways
of relevance are that: (i) releasing a signal in a later round increases its in uence on the
nal beliefs, and (ii) releasing signals jointly increases the in uence the common signal has
on the nal beliefs. As shown in and in , both predictions hold in the data.
Thus, the reactive sequential DeGroot model not only does a good job in predicting the
direction in which information sequencing in uences nal beliefs, but it also does a good job
in more fundamental predictions, such as how the timing of information a ects a particular
signal's in uence. Importantly, the speci ¢ matched sequences utilized are locked in before
any data is collected; therefore, we view this as a test of the model rather than a retrospective
justi cation of the data.

5 Hybrid Model Estimation

5.1 Model Parameters

In this section, we estimate the hybrid-agents model described in . The model
nests the benchmark Bayesian agents, SD agents, and RSD agents while also allowing for
intermediate levels of sophistication. Importantly, our intention is not to directly juxtapose

the Hybrid model with the Bayesian model, the former, having more parameter values,
naturally will outperform the latter. Instead, we can view this exercise as pitting the Bayesian
model against the SD and RSD models. By examining the estimated parameter values, we
can determine if private information is appropriately integrated, how information from others

38For a breakdown of the common signal's in uence by treatment, see the Online Appendix.
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is utilized, and whether there are additional deviations from optimality, such as anchoring
on one's own signal. We next describe the model parameters that we estimate.

Weights on Private Signals. In the estimated model, we allow participants to assign
di erent weights to their private signal based on the round in which they receive their signal.
The parameters to be estimated aré s; 13; 21, 250, where , represents how much the
signal in uences the participants guess in the round it is received, if this signal is received
in round £2 f 5,13 21; 29g.

Weights on Previous Guesses. Each round, participants input their best guesses and
observe their own and other participants’ previous guesses. In rounds in which no information
arrives, we estimate the weight participants place on their own previous guass; as well as

the weight they place on other group members' previous guessag . In the ring network,

there is only onem;; with j 6 i parameter to be estimated because participants see the
past guesses of only one other group member. On the other hand, in the complete network,
participants see the past guesses of all other group members. However, because no reasonable
distinction exists between the other group members beyond their guesses, we once more
estimate one parametem;; , which stands for the weight that participanti places on any
other participant j 6 i.

In rounds in which others receive information, we estimate separate parameter values to
evaluate whether participants change how much they pay attention to them. We estimate
m;;, m;; , and my; , which are weights participants place on their own previous guess, on the
guesses of group members who did not receive information last period, and on the guesses
of group members who received information, last period, respectiveiy.

Anchoring parameters. Lastly, the hybrid model allows participants to anchor on the
common and their own private signals. The parameters associated with such anchoring are
c and g, respectively. Anchoring captures to what extent participants' guesses are directly
a ected by the common and their private signal (long after they have received these signals),

beyond what can be explained as a convex combination of previous guesses.

39Notice that in the round in which a participant receives information, they are the only ones that can
react to it. Therefore, it will take at least one more round for other participants to react by seeing the new
guess of the participant who received information. We account for this delay in the estimation procedure.
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5.2 Estimation Results

We present the estimated parameter values separately for the ring and complete networks

in and

, respectively. For a clear separation of the estimated parameters, we

use data from games in which information arrives sequentially. The Online Appendix goes
through the estimation procedure in detail.

Table 4: Estimated Parameters:Ring Network

Weight on Private Signal

5 13 21 29
Value 0.60 0.61 0.59 0.54
95%Cl (0.53-0.68) (0.49-0.73) (0.49-0.70) (0.46-0.62)
Weight on Own Previous Guesses Anchoring Parameters
mi; m;; m;; mj; c s
Value 0.66 0.25 0.47 0.47 0.05 0.13
95%Cl (0.59-0.71) (0.20-0.30) (0.37-0.56) (0.39-0.55) (0.03-0.07) (0.10-0.16)

Individual-level clustering

Notes: , with t 2 f 5;13;21; 299, represents the weight participants place on their private signal when received in round i. mi;
denotes the weight participant i assigns to the previous guess of participant j, with m;; and mj; allowing these weights to
vary depending on information arrival. ¢ and s capture additional anchoring on the common and private signals, respectively.

Table 5: Estimated Parameters:Complete Network

Weight on Private Signal

13 21 29

Value

5
0.70 0.57 0.64 0.61

95%Cl (0.61-0.80) (0.50-0.64) (0.54-0.75) (0.53-0.70)

Weight on Own Previous Guesses Anchoring Parameters
Mi; Mi; m;; m;; mi; c s
Value 0.57 0.13 0.31 0.07 0.50 0.02 0.07

95%Cl (0.52-0.61) (0.11-0.14) (0.22-0.40) (0.03-0.11) (0.46-0.54)  (0.01-0.03) (0.06-0.08)

Individual-level clustering

Notes: , with t 2 f 5;13;21;29g, represents the weight participants place on their private signal when received in round i mij;
denotes the weight participant i assigns to the previous guess of participant j, with m; i and mj; allowing these weights to
vary depending on information arrival. ¢ and s capture additional anchoring on the common and private signals, respectively.

Weights on Private Signals. Two stark features emerge regarding the weight partic-
ipants place on their private signal. First, in both treatments, each estimated weight is

greater than =

Recall that because the precision of the common signal is equal to the

precision of the private signals, even if the participant is the rst to receive a private signal,
placing a weight greater than’= on the signal would not be optimal. Hence, we see a great
deal of overreaction, or overcon dence, regarding participants' own information.

Second, going from 5 all the way to ,g, the weights do not seem to sizably decrease.
The rst participant to receive a signal should be greatly in uenced by it because the total
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information available is relatively low. However, participants receiving their signal in later
rounds have incorporated others' information and thus should be in uenced by their signal
much less. For Bayesian agents these weights would be equal ¥@; 1=3; 1=; =g, respectively.
The roughly constant value of , implies participants fail to comprehend that the weights
they place on their signal should be a function of the arrival time, despite the fact that
their signal's precision is unchanged. shows these weights graphically alongside the
optimal Bayesian weights.

Figure 5: The Weight on the Private Signal

Notes: The graph above shows the estimated weights participants assign to their private signals when receiving them in rounds
5;13; 21; 29, along with the 95% con dence intervals. The graph also displays the optimal Bayesian weights, conditional on
receiving the information in the corresponding rounds.

Although the literature has documented overreaction to one's own information, see
( ), ( ), ( ), we believe we are the
rst to document participants' inability to adjust their reaction based on the timing of
information|a new and potentially important heuristic.

Weights on Previous Guesses. Regarding the weights participants place on previous
guesses, we see changes between the weights used in regular rounds and the weights used
one round after a neighbor receives information. In the ring network, participants increase
their weight on the neighbor's guess from:25 to 047 in rounds when the neighbor recently
received information. Consequently, in such rounds, participants decrease the weight they

4970 reiterate from the literature review section, there is a literature on individual-level belief updating
that nds a primacy and arecency e ect when participants receive multiple private signals. In our setting,
participants receive a single private signal. Thus, from an individual updating point of view, there is no
room for a primacy or recency e ect. However, in our setup, the time at which the private signal is received
di ers, allowing us to measure whether participants adequately adjust the weight they place on the only
private signal they receive.
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place on their own past guess from:66 to 047. Similarly, in the complete network, par-
ticipants increase from 013 to 050 the weight on a neighbor who received information. In
such rounds, participants decrease the weight on their previous period guess frof70to
0:31 while also decreasing from:03 to 007 the weight they place on other group members
who did not receive information.

Although far from optimal, in both treatments, participants react by increasing the
weight on the guess of a group member who recently received information. Participants
realize that when a group member receives new informatiopaying more attention to them
is bene cial. Naturally, this change of weights could be viewed as a degree of sophistication
on the participants' side.

Anchoring parameters. Finally, in both treatments, we estimate anchoring parameters
that are statistically di erent from zero. The fact that the anchoring parameter on the
participant's own signal g is not equal to zero can explain why we do not see full convergence
of participants' guesses, although the participants see and incorporate each others' previous
guesses for a considerable number of rounds. We analyze belief convergence in detail in the
Online Appendix.

In sum, the estimated model reveals that by paying more attention to group members who
recently received information, participants show some degree of sophistication. In contrast,
participants overreact and fail to adjust how much they are in uenced by their own signal
depending on the timing of the signal's arrivai.

6 Conclusions

At the outset, we emphasized that studying the impact of information sequencing on social
learning requires an environment that accounts for varying levels of signal observability, di-
rect private information, information inferred from others, and varying network structures.
Our ndings con rm that these factors play a signi cant role: the public signal is dispro-
portionately represented in participants' nal beliefs, participants react di erently to their
private information compared to what they infer from others' actions, and the network struc-

4IRecall that in the complete network, participants observe the past guesses of all other group members.
Thus, the estimated m;; = 0;13 implies that in regular rounds, on average, participants place weight 0.3
on each of the other group members. On the other hand, in rounds in which a neighbor received information,
the participant places weight 0:50 on that particular group member and 007 on the other two.

42These predictions are once more in line with the RSD model. In the Online Appendix, we analyze the
best response to the data, that is, what the behavior of a Bayesian agent in a group composed of such
participants would be. We nd that while closer to, the behavior di ers from the documented behavior.

29



ture a ects information incorporation.”” Notably, the incorporation of private information

by participants appears to be time-independent. To our knowledge, we are the rst to doc-

ument this time-independent approach to processing one's own information. This insight is
crucial for advancing theoretical work in social learning, as assuming constant weights on
private signals simpli es analysis and enhances tractability.

We have also demonstrated that both the network structure and, even more signi cantly,
the sequencing of information can help mitigate phenomena such as correlation neglect.
Our model estimation reveals that while behavior is not Bayesian, it is robustly predictable
by a simple heuristic model, implying that information sequencing in uences beliefs in a
predictable manner. While additional testing and model re nements may be warranted, the
robustness of the current model's predictions is nevertheless striking.

Importantly, we investigate the reasons behind why the sequencing of information a ects
beliefs. Although the stronger in uence of the most recent signals might at rst appear to be
a typical case of recency bias|frequently observed in individual-level updating studies|our
ndings reveal a di erent underlying mechanism. Our ndings suggest that while devia-
tions from optimal behavior occur in various forms, the primary behavioral factor driving
this e ect is precisely participants' inability to adjust how they incorporate their private
signals. Because agents assign a xed weight to their private signals, those who receive their
signals in later rounds e ectively overreact the most to their private information, causing
this information to be overrepresented in the nal beliefs. Therefore, the greater in uence
of recently released signals is not merely a result of timing or timing-related explanations
such as limited memory but rather a consequence of the failure to properly update beliefs.
A clear understanding of the mechanisms at play is vital if we aim to address these e ects.

43There is now a growing literature studying the discrepancy from private and infered information, see

(2022).

44This insight is heavily used in ( ).
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7 Appendix

7.1 Proof of Optimal Guess

Once more, the payo is
payo = p(;g)=max B g;0

We do not impose risk neutrality, the actual enjoyment of the payo is some function
u(p(;g)). The only condition we impose onu( ) is that utility is monotonic in payo,
earning more leads to higher utility. Without loss of generality, we normaliza (0) = 0. The
realized value is unknown to the agent. Leff ( ) represent the probability distribution of

. We assume thatf ( ) is single-peaked and symmetric around this peak. Consequently, the
peak will be equal both to the mean and median of the distribution, which we denote by
Naturally, this set of distributions includes, but is not limited to, the normal distribution.
We show that it is optimal for an agent to guesg = by showing that any deviation from
this guess leads to a lower expected utility. Consider a deviatian>

Z Z

Efu(p(; N1 Eu(pC:gnl= ulp(; Nf()d u(p(;g9)f()d
Z

= (u(p(; ) ulp(;g))f()d:

We know that u(p( ;g)) is equal to zero forany g B=, increasing as increases from

g B= to g, decreasing as increases frong to g+ B=, and is equal to zero for any value of
g+ B=. From the symmetry of the payo function, and the assumption that utility is

increasing in payo , it follows that u(p( ;g)) is also single peaked and symmetric aroungl

The function u(p( ;g)) is the same function asu (p( ; )) just shifted to the right by g

Let d(; ;9 ) = u(p(; )) u(p(;g). Itthen follows that d(; ;g ) is nonnegative for

2 B= % , honpositive for 2 %; g+ B= and zero everywhere else. The absolute
value of this di erence is symmetric around—2.
Z
Efu(p(; N Elu(p(;anl=  d(;;g)f()d
Z 4 Z gie-
= dGhg)f()d + o od(ig)f()d
Z . Z
= d(;;9)f()d di;;9) ( ( +9)d
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The equality of the rst and second rows simply internalizes thad( ; ;g ) is equal to zero
everywhere beyond the integration interval. Recall that% splits the nonnegative region
of d('; ;g ) from it's nonpositive region. The equality of the second and third rows utilizes
the fact that the absolute value ofd(; ;g ) is symmetric around ;9. Furthermore, the
associated region of the probability distribution after changing the integration region of the
ipped d(; ;g ) becomed (  ( + g)), which follows from the fact that f ( ) is symmetric

and single peaked. Finally, we have

Z g

2

Efu(p(; NI EQu(p(;9)]= di;;g)(f() f(C (+g)d>0

B=

The inequality follows from the fact thatd( ; ;g ) is positive in the integrating region, while

f() f( ( + Q) ispositive for any value of < +29. It then follows that the integral

must be positive. By symmetry, the result hold for deviationgy <

O
7.2 Behavior of RSD Agents
7.2.1 Signal Weights in Sequential Information Release Rounds
Let signal i be released ininformation round i. From ( ), we know that for

SD agents, as long as the network matrid is strongly connected and aperiodic, the nal

consensus will be

|

‘ XK ' W o

)= @ ) iast+ @ )
=1 j=iv i=1

Where c© in the current setting represents the common signal whilg represents the signal
released in information roundi; ; represents the social in uence of the agent whose signal
was released in information round. More technically, ; represents thei'th entry of the
eigenvector corresponding toM =

With RSD agents, forz 2 f 1;2;:::;Ngrounds after a round in which a signal is released,
the weights agents place on one another may di er froril , as these agents may place higher
weights on their neighbors who just received information. The value @ depends on the
network structure. In the complete networkz = 1, while in the ring network z= N 1.

Note that the weight changes depend on which agent received information. Le(j)
represent the agent who receives their signal in information rourjd Let M 0)t represent
the matrix of modi ed weights participants uset 2 f 1;zg rounds after participant (j)
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Q.

=1 M Ot Further let ¢ Y represent the existing
consensus before signal(j) was released. After signab (j) is released, and participants
communicate with one another, beliefs converge to

receives a signal. LemM () = M1

. . . . . 0

Note that M ) will be a matrix whose rows are identical and sum to one. The in uence
that signal s ;) will have on the new consensus is proportional to the (j);k)th entry

of matrix M ) for any k (the (j)'th entry of the eigenvector); let ~, be equal to this
value. Following this procedure for each signal release, after all information is released and

disseminated, the nal consensus will be

|
(N) ¥ ¥ (
¢ = 1~ 0w ~o osot 1 ~o oc
=1 k=j+1 =1

0)

If a signali is released in the very last information round, its in uence on the nal consensus
will be ~ vy (ny) = ~i ;. If this same signal is released in any earlier information round
k <N, it's weight ~ ; will be multiplied with szm 1 Gy G) - Since ~gy 2 [0;1]
and ) 2 [0;1], this additional argument suppresses the in uence the signal has on the
nal consensus. Loweringk increases the number of arguments in the above product, further
suppressing the weight of the signal.

Proposition 1. Delaying the release of a signal increases its in uence on the nal beliefs.

The proof follows from the above argument. This proposition, combined with a random
assignment of participants, as is the case in the lab, leads to

Proposition 2. Under a random assignment, earlier released signals have a lower expected
in uence on nal beliefs.

To prove the above proposition, it is su cient to compare the expected weight on a
signal released in round andj 1. Let represent a particular assignment of agents to
information release rounds, ang( ) the probability of such an assignment. In particular,

2 N,, whereN, represents the symmetric group (all the permutations of the N agents),

andp( )= % Agent | is characterized with 7 and ; values, as well as signa;. Then,

Sp( ) = % follows from the fact that each arrangement is equally likely. When assigning participants
information arrival rounds, there is no selection based on any of their features.
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the expected di erence between the weight of a signal released in roun@ndj 1is
" # " #

E 1 ®w ® ¢ @ E 1 ® ® (1 Gy =

j=k+1 k=j |

1 ® (K o q @ M ) Gov v pC) O
j=k+1

The inequality follows from the random assignment withp( ) = %

O
On the other hand, note that as long as one signal is released in each information round,
the in uence of the common signal on the nal consensus, :\'zl (L ~ ), is unaected by

the timing of the signal release.

The arguments above rely on there being enough rounds between information release
rounds for participants to stop updating their beliefs. Although we have limited rounds in
between information release rounds, the data from graph : , and
show that beliefs stop evolving signi cantly two rounds(four rounds) after information release
in the complete(ring) network. Thus, we believe there are su cient rounds of communication
for the analysis above to be a reasonable approximation of participants' behavior.

7.2.2 Sequential vs Simultaneous release and the Weight of the Common Signal

Simultaneous Information Arrival (Complete and Ring Network) Let M represent
the network structure. In the absence of any weight adjustment, when information is released
simultaneously, the weigh of the common signal on nal beliefs will bel N

Where ; corresponds to thd'th entry of the eigenvector, and ; is the weight agenti places
on her signal.

For RSD agents, when information arrives simultaneously in the complete(ring) network
for z = 1(z = 3) rounds, the network matrix M is replaced with an alternative network
matrix Nr. Let this modi ed network be M = M + M, and note that each row ofM sums
to O; that is, any weight increasem;; must be o set by a weight decreasen;;. De ne
M1 = M?® N in the complete network andvr! = M?® M3 in the ring network. Note that
each row inM! is identical, and the sum of each row is equal to one. Th&h entry within
a row represents the'th value in the eigenvector and, thus, the in uence of agent. Let
~ represent the modi ed in uence of agent, then the weight of the common signal on the
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nal beliefs will be

_ X
we =1 S
i=1
Again, since ;Z, ~ =1, this is just a reshu ing of the initial in uence vector.
Sequential Information Arrival (Complete Network) Now, consider RSD agents in

a complete network when information arrives sequentially. After agentreceives her signal,
this becomes apparent to all agents, and each agent places a higher weight on the action of
agenti. Let M represent the additional weight on the action of agerit That is, matrix M

is equal to zero everywhere except for the entries in th&h column. Let M represent the
decrease in the weights of all other agents. That i®/ is equal to zero on the'th column

and possibly positive on other columns. Note that the sum of each row K is equal to the
sum of each row oM , the additional weight placed on agent is exactly equal to the weight
subtracted from the other agents. Letg-be a vector equal to the previous consensgé ¥

onj 8 i,and ;si+(1 ) Y oni. Then, after signals; is released and communication
takes place, the new consensus will be

=M M+M M g=Mlg+M'Mg M*Mg

This is aN 1 vector where each entry is equal ta(), the new consensus formed after
communication takes placeM ! represents a matrix the rows of which are equal to the left

eigenvector satisfyingM = |, corresponding to eigenvalue 1. Tham* M = M?! follows
from the alternative de nition of the in uence weights ; = LR The new consensus
is then
. X X X
= iG t j ;i 6 kMkz &
j j z kK

Replacing all valueg 6 i g with ¢ Y and g with ;s;+(1  j)c
! P
. X X .
c) = i + jmji isi+ 1 i + jr‘hji i i b

P . :
Let~= ;+ j jm;i  and note that ~ 2 [ ;;1], that is, since agents pay more attention
to agenti when signals; is released, the weight it has on the new consensus is larger than the

weight it would have if agents always placed xed weights on their neighbors. Once more,
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if signals are released sequentially, one for each information release round, without loss of
generality, assume that signak; is released in information round, the nal consensus will
be
(K) Xy v (0)
¢t = @ 5 )~asit @~ 0)c
i=1 j=i+1 i=1

Thus, if all signals are released sequentially the weight af® will be

with ~ 2 [ i;1].

Sequential Information Arrival (Ring Network) In the ring network, when informa-
tion is released sequentially, the network matrix is modi ed for three rounds. For exposition
assume we are in information round one in which signal is received by agent 1. Denote
the modi cation matrix N as follows

2 3 2 3 2
0O 00 O 00 O 0 0O O 0O O
0O 00 O 00 O 0
NT, = g NT, = g NTs = 0 m, m, O
0O 00 O 0 0 mz m3 0O O 0O O
m; 0 O my 00 O 0 0O O 0O O

Agent four, who observed agent one, increases the weight on agent onarby She can only

do so by decreasing her own weight by the same amount. In the next round, agent three
increases the weight on agent four, afterwards, agent two increases the weight on agent three,
thus completing the information di usion. Then, after three rounds of communication, the
weight on s; will be

2 3
1m3,
E 1 (M2 + M23) (M3 + Mag) (g + Myy) %
1 (M11M34Myq + M3z (M3 + Mag) (A4 + My1) + Maa (M3 + Mag) (M4 + My1) Mag)

1(mZ, (Mg + Myg) + Mgz (M11Myg + M3,))

Note that for any value m; > 0 the weight ons; is increased compared to SD agents,
thus, for RSD agents, the weight ors; after communication takes place will be 1
and consequently the weight one the common signal will be lower. This holds for each

signal s;. Once more, the nal consensus will be®) = =~ 1 ~% . (1 ~ )~ s+
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QiNzl (1 ~ ;)c9, and thus the weight of the common signal on the nal beliefs will be
w= (1~ )
i=1
Simultaneous versus Sequential Let reaction refer to the weight shift towards the agent

who just received information.

Proposition 3. For a high enough reaction, the weight of the common signal on nal beliefs
is lower when information is released sequentially.

To prove the above %roposition recall from the analysis above that when information is
released simultaneously |\, ~ = 1 continues to hold. Thus the weight on the common
signal is bounded

1 min ; wdm 1 max |
| |
On the other hand, when information is released sequentially 2 [ i; 1] 8i, while the weight

of the common signal on the nal beliefs will be
" #
W W
w2 @ o @ i)

i=1 i=1

As reaction increasesNt di ers more and more fromM), the ~ weights increase towards
1. and ws® monotonically moves towards it's lower limit, whereasS™ moves within it's
bounds, not necessarily monotonically. Since the lower boundw{®? is lower than the lower
bound of wS™, a high enough reaction ensures that$d < wsm,

O

7.2.3 Comparisons

SEQ vs SEQ From , we know that when releasing signals sequentially, the
order of the particular signals does not a ect the in uence of the common signal on the nal
beliefs. However, the expected in uence of a private signal decreases if the same signal is
released in an earlier round. This implies that a sequential release of information, mono-

46Simulations reveals that the necessary reaction for the above to hold is rather low.
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tonically, from the lowest valued signal to the highest valued signal will lead to higher nal
beliefs than the reverse order.

SEQ vs SIM  From we know that as long as agents pay su ciently more
attention to their neighbors who just received information, the weight on the common sig-
nal will be lower under sequential information release than under simultaneous information
release. From we know that signals released in later rounds will have a higher
expected in uence on the nal beliefs. Thus, shifting from simultaneous to sequential in-
formation release, the in uence of the common signal shifts towards the individual signals,
disproportionately more towards the latter released signals.

With these two statements in mind, when the common signal is lower than all the in-
dividual signals, it follows that the nal consensus under sequential information release, in
which signals are released from lowest to highest, will be higher than the nal consensus
under simultaneous information release.

On the other hand, when the common signal is higher than all the individual signals, it
follows that the nal consensus under sequential information release, in which signals are
released from highest to lowest, will be lower than the nal consensus under simultaneous
information release.

7.3 Further Data Analysis
7.3.1 Cross Plots by Treatment and Sequence Matches

presents a breakdown of the cross-plots analyzed in separately for each
tregtment. 7 presents a breakdown of the cross-plots analyzed in separately for
each treatment and matched sequences.

As can be seen, for each one of the matched sequences, for each one of the treatments,
the upward sequences, the blue graphs, on average converge at higher average beliefs than
the downward sequences, the orange graphs. Thus, we see this result not only on average
across treatments but on average sequence by sequence and treatment by treatment as well.

7.3.2 Assessing Order E ects

In the experiment, we opted to provide participants with feedback at the end of each round.
This approach aimed to facilitate learning and clarify any potential misconceptions par-
ticipants may have had at the study's outset. However, one may now be concerned that
the feedback participants received could introduce order e ects. For some participants, the
reported state may have aligned closely with their guesses, while for others, it may have
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Figure 6: Observed Average Guesses By Treatment

Notes: The gure above illustrates the observed evolution of participants' average beliefs when encountering upward sequences
(blue squares) and downward sequences (orange circles). The gure also shows the average signals received during upward
sequences (gray squares) and downward sequences (gray circles). Notably, the gure demonstrates that when all information is
revealed, participants' beliefs do not converge to the same point.

di ered signi cantly. We next see whether there are any sizable order e ects driving the
results we document. In , We re-run the regression from , this time controlling
for whether the realized state was close to or far from participants' average guesses across
rounds. In , We conduct a similar analysis but de ne the gap as the di erence between
the nal reported belief and the feedback. The regressions are very similar to those in

; for brevity, we report only the estimated constant and gap.’ A quick review shows that
in both cases, the feedbackMean Gap, i, Last Gap ;) is not only small in magnitude but
also statistically insigni cant. This suggests that these order e ects are minimal and not the
primary driver of the phenomenon we document.

Table 6: Sequence In uence: Mean Gap

4 Guess Round 32-36
(No Cluster) (Individual Cluster) (Group Cluster)

Constant 8.240 8.240 8.240
(0.000) (0.000) (0.000)

Mean Gap, 1 -0.0357 -0.0357 -0.0357
(0.103) (0.463) (0.522)

Round Fixed E ects Yes Yes Yes

N 2320 2320 2320

p-values in parentheses
p< 010, p< 005, p< 001

Notes: The table above represents the same regression carried out in , but in addition controlling for Mean Gapt 1,
which represents the gap from the revealed true state and the average guesses of the participant. For brevity, we report only
the Constant and Mean Gap; 1 variables.

4’Results remain unchanged when adding two lags, three lags, etc. Even when examining the gap in the
last 10 rounds, the last 5 rounds, and so on, results remain largely unchanged.
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Figure 7: Observed Average Guesses By Treatment and Sequence Matches

Notes: The gure above illustrates the observed evolution of participants' average beliefs when encountering upward sequences
(blue squares) and downward sequences (orange circles). The gure also shows the average signals received during upward
sequences (gray squares) and downward sequences (gray circles). Notably, the gure demonstrates that when all information is
revealed, participants' beliefs do not converge to the same point.

Table 7: Sequence In uence: Last Gap

4 Guess Round 32-36
(No Cluster) (Individual Cluster) (Group Cluster)

Constant 8.569 8.569 8.569
(0.000) (0.000) (0.000)

Last Gap 1 -0.00366 -0.00366 -0.00366
(0.847) (0.926) (0.937)

Round Fixed E ects Yes Yes Yes

N 2320 2320 2320

p-values in parentheses
p< 0:10, p< 0:05, p < 0:01

Notes: The table above represents the same regression carried out in , but in addition controlling for Last Gapt 1,
which represents the gap from the revealed true state and the last guess of the participant. For brevity, we report only the
Constant and Mean Gap; 1 variables.
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