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Abstract
This paper is the first to use the WeChat platform, one of the largest social networks, 
to conduct an online experiment of artificial investment games. We investigate how 
people’s forecasts about the financial market and investment decisions are shaped 
by whether they can observe others’ forecasts and whether they engage in public or 
private investment decisions. We find that with forecast sharing, subjects’ forecasts 
converge but in different directions across groups; consequently, forecast sharing 
does not lead to better forecasts nor more individually rational investment decisions. 
Whether or not subjects engage in public investment decisions does not significantly 
affect forecasts or investment.
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1 Introduction

Information and communication technologies have drastically improved informa-
tion accessibility and transparency at the grassroot level. With these technologies, 
people are free to communicate and share information without barriers. For many 
real-world economic or political decisions such as shopping and voting, people 
typically share information and opinions before taking actions. While the actions 
taken are quite often unobservable, the advancement of technologies has greatly 
facilitated the pre-play communications. Take the financial market for example. 
An individual’s investment decisions are usually private and hard to observe, but 
investors’ attitudes are often exchanged through online or offline gossips before 
actual moves are made. Financial economists (e.g. Antweiler and Frank 2004; 
Chen et al. 2014) have started to use textual analysis to study the emerging role of 
social media in financial markets, and found that shared opinions as soft informa-
tion can predict performance in financial markets. In this paper, we report find-
ings from an online experiment where subjects made unobservable investment 
decisions but were allowed to share their forecasts on the financial market.

Our experiment investigates whether communication causes convergence in 
individuals’ forecasts about the financial market and how this influences individu-
als’ subsequent investment decisions. Economists have observed the phenomena 
of groupthink and group polarization, suggesting that individuals within a group 
tend to suppress divergent viewpoints and reach a (possibly more extreme) con-
sensus (e.g. Bénabou 2013; see also the literature review in Sect. 2). Convergence 
of behavior or beliefs may have important implications for the financial market. 
While herd behavior, i.e. investors’ imitation of others’ actions, has been found 
to exacerbate market volatility and fragilize financial systems (Bikhchandani and 
Sharma 2000), some observers also express concerns that social contagion of 
beliefs might result in sizable valuation errors in financial markets (Shiller 1992) 
or collective delusions leading to investment frenzies or crashes (Bénabou 2013). 
In particular, with the slowdown of economic growth and wobbly confidence 
of investors in the context of Chinese economy, we are especially interested in 
whether communication on social media will lead to more convergent beliefs 
about the market and aim to provide experimental evidence on this question.

If with forecast sharing, a group indeed forms more converged forecasts, the 
next questions to ask are where the forecasts converge to and how the converged 
forecasts influence investment. A natural conjecture is that communication helps 
people generate collective wisdom and improve their investment performance. 
However, the results in the literature regarding whether group discussion gener-
ates collective wisdom are mixed. Hogg et al. (1990) demonstrate the heterogene-
ity of group polarization, in the sense that the direction of post-discussion indi-
vidual choices shifts largely, depending on the norms of the particular group. If 
communication does not generate collective wisdom in forecasts, then it does not 
necessarily result in better investment performance. Moreover, liquidity in finan-
cial markets has a public good feature; people may thus strategically express over-
optimistic opinions in communications in order to encourage market participation 
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from others so as to increase liquidity. In this regard, a costless pre-play com-
munication could result in over-optimism in forecasts about the financial market, 
leading to more investments.

In a nutshell, on an experimental basis, we study the social contagion of forecasts 
in artificial investment games and aim to address the following questions:

• Within a group, can pre-play communication produce convergent forecasts about 
the financial market? If so, where do the forecasts converge?

• How would individual investment decisions be influenced by the within-group 
forecast sharing?

We conducted an online experiment using the platform of WeChat, the world’s big-
gest standalone messaging application in terms of user numbers and China’s most 
popular online social network. The experiment included a group-based artificial 
investment game with 1385 subjects who were WeChat users. The payoff of the 
game relies on participants’ investment decisions and a return multiplier determined 
by the opening price of the Shanghai Composite Index (henceforth SCI) on Monday, 
November 30, 2015. The experiment started at 7:00 PM on Friday, November 27, 
2015, after the stock market was closed, and ended at 9:00 AM on the next Monday, 
November 30, 2015, before the stock market was opened. In the game, we asked 
each subject to forecast the opening price of the SCI and to decide whether to invest.

We adopted a 2 × 2 × 2 between-subject design. First, to examine the effect of pre-
play communication, in the forecast sharing groups, the subjects can observe other 
players’ forecasts of SCI, whereas in the baseline groups, the subjects cannot. Sec-
ond, we introduced two types of investment projects in our experiment, with a sub-
ject’s payoff dependent on other group members’ investments in one of them (i.e., the 
interdependent project), and independent of other group members’ investments in the 
other (i.e., the independent project), to detect the potential over-(under-) reporting of 
forecasts driven by the strategic motives to induce other players (not) to invest as dis-
cussed above. Lastly, we design two worlds with different mappings between the SCI 
and the investment project’s return multiplier for a robustness check.

We opted to take the lead in performing an online experiment on WeChat instead 
of using standard laboratories mainly because of two reasons: (1) a more repre-
sentative sample can be obtained for our study. In contrast to standard laboratory 
experiments, in which most subjects are recruited from university students who typi-
cally have little experience in financial investment,1 subjects recruited from WeChat 
users are more representative of investors in the Chinese financial market, given that 
WeChat is the most popular messaging application in China and that the financial 
market in China is dominated by retail investors.2 (2) While all the subjects were 

1 It was shown that student subjects perform differently from subjects in the field in an experimental 
study of herd behavior in financial markets (Alevy et al. 2007).
2 By 2017, WeChat had more than 963 million monthly active users; see the Wikipedia entry of WeChat. 
Retail investors conducted 85 percent of the stock market’s transactions in China in 2015; see also the 
article “New Horizon Opening For China’s Stock Market” by Thomson Reuters, available at http://share 
.thoms onreu ters.com/gener al/China /Speci al-Repor t-New-Horiz ons-Openi ng-For-China ’s-Stock -Marke 
t.pdf.

http://share.thomsonreuters.com/general/China/Special-Report-New-Horizons-Opening-For-China%e2%80%99s-Stock-Market.pdf
http://share.thomsonreuters.com/general/China/Special-Report-New-Horizons-Opening-For-China%e2%80%99s-Stock-Market.pdf
http://share.thomsonreuters.com/general/China/Special-Report-New-Horizons-Opening-For-China%e2%80%99s-Stock-Market.pdf
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given the same latest price of the stock market when the experiment started, it was 
important to maintain all the other conditions on which subjects based their deci-
sions (including the related on-going media news) the same for all subjects. Due to 
the capacity of a laboratory, a laboratory experiment usually needs to be conducted 
in several successive sessions, which would create a time difference in subjects’ 
decision making and thus contaminate the conditions. Conducting an online experi-
ment solves this problem by allowing a large number of subjects to make choices 
online within the same time period.

We observe a strong, positive correlation between the subjects’ forecasts on 
the stock market and their investment decisions, suggesting that subjects’ reported 
(cheap-talk) forecasts in the pre-play communication are associated with their under-
lying beliefs, which drive the subsequent investment behavior. More importantly, 
our experimental results provide evidence of both concentration of within-group 
forecasts and variability of the concentration across groups: compared to baseline 
groups, subjects in forecast sharing groups tend to concentrate on some forecasts, 
but the concentrated forecast varies significantly across groups. These results sug-
gest that while pre-play communication does lead to more converged beliefs, the 
converged beliefs do not necessarily converge to the true state. Consequently, fore-
cast sharing does not help subjects make more individually rational investment deci-
sions. We also find that, in our experiment, investment spillovers do not significantly 
influence forecasts or investment decisions.

The rest of this paper is organized as follows. The next section reviews the related 
literature. Section 3 describes our experimental design and procedure. Section 4 pre-
sents our experimental findings. The last section concludes.

2  Related literature

We study social learning by introducing pre-play communication to investment 
games. Studies on social learning have divergent opinions: on one hand, Mojzisch 
et al. (2010) empirically identify distinct biases in group discussions; on the other 
hand, Charness and Sutter (2012), in their review paper, suggest that groups are 
more cognitively sophisticated, and thus make better decisions than individuals. 
However, this line of literature is mainly based on investigations of group collec-
tive decisions. Our study looks into individual decisions with prior within-group 
communication.

In the literature of group polarization, following Brown (1986, p. 200), Glaeser 
and Sunstein’s (2009) model suggests that decisions made after information sharing 
appear to be worse than independent decision making when individual learning is 
non-Bayesian. With a fully rational model, Sobel (2014) shows that, in the absence 
of any restrictions on the information structures, there is no systematic relationship 
between individual and group decisions under information aggregation. Roux and 
Sobel (2015) find that group decisions can be more extreme than individual deci-
sions in monotone decision problems (i.e. problems where the action rule is increas-
ing with respect to signals). Related to group polarization, Bénabou (2013) and 
Bénabou (2015) introduce the notion of groupthink and account for the formation 
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of individually rational collective denial and willful blindness.3 Our research ques-
tions are also related to herd behavior and peer effects. After Banerjee (1992) theo-
retically rationalizes herd behavior, empirical works confirm the existence of herd 
behavior and peer effects in both the laboratory (Cipriani and Guarino 2005) and 
the field (e.g. Grinblatt et al. 1995; Bursztyn et al. 2014). Among the online studies, 
Salganik et al.’s (2006) investigation on social influence in an artificial cultural mar-
ket is the most closely related to our paper.4 While the notion of herd behavior in the 
literature is typically based on observable actions, in reality it is often the case that 
actions are not observable while beliefs are shared, as discussed in the Introduction. 
Our experiment captures this feature by studying pre-play communication in invest-
ment games where investment is unobservable. We aim to explore the cause and 
effect of concentrated forecasts in pre-play communication.

Our experimental results provide evidence of group polarization and show that 
group polarization is indeed variable, giving rise to less reliable decisions. By uti-
lizing WeChat, the most popular social network application in China, we explore 
whether within-group forecast sharing improves collective wisdom. The potential 
of online social networks to facilitate information diffusion and civic engagement 
in China has been documented in Zheng and Wu (2005). However, McGrath et al. 
(2012) question whether citizen engagement in the political process in such a speedy 
manner results in well-thought-out choices or rapid promises that could generate 
constant societal frustration. Our experimental study suggests that while communi-
cation leads to concentration of beliefs within a group, it does not consistently lead 
to a convergence on the correct belief, nor does it improve the individual investment 
performance.

Our experiment also includes spillover of investment in an artificial investment 
game, which smacks of public good games. A wide range of theoretical and experi-
mental studies have found that costless pre-play communication is effective in facili-
tating cooperation. Dawes et al. (1977) and Isaac and Walker (1988) are among the 
first to provide experimental evidence of communication improving cooperation. 
Bochet et  al. (2006) extend the literature by comparing the efficacy of communi-
cation with that of punishment and find that communication is more efficient for 
sustaining cooperation and increasing public goods provisions. Agastya et al. (2007) 
also find that a prior stage of non-binding communication improves the efficiency 
of the equilibria in a voluntary contribution game. Chaudhuri and Paichayontvijit 
(2006) investigate different communication schemes and find that the communica-
tion of common knowledge is the best scheme to improve cooperation. Relatedly, 
this paper explores the effect of communication in public goods provision with the 
presence of uncertainty. We empirically investigate how pre-play communication 

3 More recently, Bénabou and Tirole (2016) provide an overview on the topic of motivated beliefs and 
reasoning at both the individual and collective levels.
4 Related studies include Muchnik et al. (2013), who perform an experiment on a social news aggrega-
tion website and find that prior ratings create herding effects and significant bias in individual rating 
behavior.
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affects the confidence on the return of public goods investment and thus the invest-
ment behavior.

2.1  Online experiments

Until recently, online experiments in economics and finance have been scarce com-
pared to the abundance of laboratory and field experiments. Chen and Konstan 
(2015) survey online field experiments and analyze the technologies and design 
choices for online economic or computer science studies. Field experiments on 
online platforms include Kramer et al. (2014) on Facebook, and Horton et al. (2011) 
and Berinsky et al. (2012) on Amazon Mechanical Turk (MTurk), which use “modi-
fied web interfaces,” as discussed in Chen and Konstan (2015). While our study also 
involves modified web interfaces, the way we conduct our experiment is closer to 
that of studies using online resources to build an “online laboratory” (Hergueux and 
Jacquemet 2014; Salganik et  al. 2006): Online field experiments use a “modified 
web interface” to “evaluate the effects of changes in user interface design” (Chen 
and Konstan 2015), while an “online laboratory” aims to “reach more diverse sam-
ples” and conduct laboratory experiments “directly over the Internet” (Hergueux 
and Jacquemet 2014). We build our own temporary laboratory on WeChat, which 
we use as a platform to recruit subjects, run experiments and, and transfer payments.

Horton et al. (2011) and Berinsky et al. (2012) find that online experiments can 
reach the same internal validity and external validity as laboratory experiments. For 
internal validity, they test problems including inattentiveness and identification, and 
conclude that these problems are insignificant and can be mitigated. For external 
validity, they find online subjects more representative than offline subjects. They 
replicate published experimental works using MTurk, which yields consistent results 
compared to offline experimental frameworks.

Besides the reasons for conducting an online experiment to investigate our 
research questions as discussed in Sect. 1, there are additional advantages of online 
experiments. It usually costs less to conduct an online experiment than a labora-
tory experiment owing to the reduced costs of laboratory maintenance and payments 
to subjects (as subjects do not have to physically show up). Table A.1 in Online 
Appendix A reviews payments of the studies that performed online experiments on 
MTurk, which shows that the average hourly payment varied but was typically not 
higher than US$15 while the duration of an experiment was often below 10 min-
utes. Therefore, the average cost per subject is low. Online Appendix B.1 further 
discusses how we take advantage of certain features of WeChat to avoid or mitigate 
some potential problems of online experiments, while Online Appendix B.2 dis-
cusses some implementation issues on conducting online experiments with WeChat.
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3  Experimental design and procedure

We design artificial investment games to investigate whether forecasts of the open-
ing price of the Shanghai Composite Index (SCI) on a future date converge when the 
forecasts are shared, and how the forecast sharing influences investment behavior. 
The payoff of a subject in the investment game depends on, among other factors, (1) 
the realized opening price of the SCI on that date and (2) the subjects’ investment 
decisions after making forecasts.

3.1  Experimental design

In the investment game, a subject first chooses a range that she thinks to be the 
most likely for the opening price of the SCI on November 30, 2015 (the Forecast-
ing Task). Subjects are told the SCI closing price of the date when the experiment 
started (November 27, 2015), which was 3436.40. We provide subjects with several 
price ranges to choose. Table 1 shows the two sets of options provided in the differ-
ent treatments (as described later in this section):

The subject then decides whether to invest 250 Renminbi Yuan (RMB), out of 
a 500 RMB endowment, in an artificial project, which will be described in detail 
below (the Investment Task).

Subjects are divided into groups, and groups are further divided into treatments. 
Our 2 × 2 × 2 treatments vary in three dimensions.

The first is whether forecasts are shared among group members.

• Baseline: There is no information provided regarding other group members’ 
forecasts;

• Forecast Sharing: The subjects can observe the distribution of the forecasts of 
other group members.

Specifically, in treatments with forecast sharing, a bar is placed on each option to 
indicate the percentage of group members who have selected that option (see the left 
bottom figure in Online Appendix C, for which English translation is provided in 

Table 1  Options for the 
Forecasting Task

Option Set I Set II

A 3620.01 or above 3560.01 or above
B 3560.01 to 3620 3480.01 to 3560
C 3480.01 to 3560 3380.01 to 3480
D 3380.01 to 3480 3300.01 to 3380
E 3300.01 to 3380 3240.01 to 3300
F 3300 or below 3240 or below
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Online Appendix D).5 Subjects in all the treatments are allowed to return at any time 
before the deadline to change their forecasts and investment decisions. This means 
that under the treatments with forecast sharing, subjects can return to view the latest 
distribution of forecasts.

While in general incentivizing subjects’ forecast decisions is helpful to induce 
subjects to truthfully report their beliefs, we intentionally do not incentivize the 
Forecasting Task for the following reasons. First, this feature allows us to study 
subjects’ behavior in a cheap-talk pre-play communication in the Forecast Shar-
ing treatments. In particular, we will study whether subjects would strategically 
over- or under-report their beliefs to influence others’ investment decisions in the 
presence of investment spillovers (as explained in the second treatment dimension 
below). Second, incentivizing forecasts in our game may cause a hedge problem: 
The correlation between earnings from the investment and earnings from beliefs, 
if incentivized, may motivate risk averse subjects to use stated beliefs as a hedge 
against adverse outcomes of decisions in the investment game and thus bias the elic-
ited belief (Blanco et al. 2010). Third, even if in theory an incentivized truth-telling 
belief elicitation mechanism exists for our context, it may be overly complicated in 
practice given subjects’ limited attention to an online experiment. Finally, Gächter 
and Renner (2010) show that non-incentivized beliefs are highly associated with 
incentivized beliefs.6 In our analysis, we will also look into the correlation between 
the forecasts and the incentivized investment decisions.

In the second dimension, we manipulate the payoff function of the investment 
game by introducing spillover within groups. Investment provides liquidity to the 
market, which has a public good like feature. In one set of treatments, we follow 
Bénabou (2013) and include a spillover of other group members’ investments in the 
payoff function, so as to reflect the real-world investment situation that each indi-
vidual is embedded in a collective interaction where his final payoff is determined 
by both his own action and the actions of others. The spillover may give the sub-
ject an incentive to over-/under-report her forecast when costless pre-play commu-
nication is allowed in order to induce her group members to invest/not to invest. To 
identify the potential over-/under-reporting of forecasts driven by such a strategic 
motive, in another set of treatments, a subject’s payoff depends solely on the indi-
vidual’s investment decision and the SCI. Therefore, there are two types of invest-
ment projects:

• Interdependent (or public) projects: 
PAYOFF = 500 − INVEST + m × (INVEST + avg.GINVEST)

5 This form of communication, although restricted, is easier to measure than open communication, and 
is richer than a binary signal, which is less interesting for our study of concentration and variability of 
forecasts.
6 Examples of studies that investigate people’s forecasts on the financial market without providing incen-
tives include Oechssler et al. (2011).
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where INVEST = 250 if the subject chooses to invest and 0 otherwise. The param-
eter m, which we call the return multiplier, is determined by the SCI opening price, 
as explained in detail below. The term avg.GINVEST is the average investment 
amount of the group. Therefore, in the interdependent project, there is a spillover of 
group members’ investment, which is positive when m > 0.

• Independent (or private) projects: 

In independent projects, the subject’s payoff is independently determined by his own 
investment decision and the SCI opening price.

The last dimension is designed for a robustness check, in which we have two 
worlds, World I and World II, with different probability distributions of the return 
multiplier m. In both worlds, the return multipliers are determined by the SCI open-
ing price. The two worlds differ in their mappings from the SCI opening price to m, 
as shown in Table 2. Note that the SCI closing price on the day when the experiment 
started, i.e., 3436.40, corresponds to m = 40% in World I and m = 80% in World II. 
We are then able to check the robustness of subjects’ behavioral patterns under dif-
ferent economic conditions.

In independent projects, the dominant strategy for an individual is to invest if 
and only if the SCI opening price is above 3560 in World I or above 3480 in World 
II. In interdependent projects, while each player should invest if and only if the SCI 
opening price is above 3480 in World I or above 3380 in World II to achieve the first 

PAYOFF = 500 − INVEST + m × INVEST

Table 2  SCI and corresponding 
return multiplier m 

World I World II

SCI m (%) SCI m (%)

3620.01 or above 160 3560.01 or above 160
3560.01 to 3620 120 3480.01 to 3560 120
3480.01 to 3560 80 3380.01 to 3480 80
3380.01 to 3480 40 3300.01 to 3380 40
3300.01 to 3380 0 3240.01 to 3300 0
3300 or below − 40 3240 or below − 40

Table 3  Group allocation Baseline Forecast 
sharing

World I
  Interdependent Project 1 6
  Independent Project 1 6

World II
  Interdependent Project 1 6
  Independent Project 1 6
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best outcome, the dominant strategy, i.e. the individually rational decision is still to 
invest if and only if the SCI opening price is above 3560 in World I or above 3480 in 
World II.

In total, we have 28 groups. Table 3 shows the number of groups in each of the 8 
treatments.

It is meaningless to have more than one group in a baseline treatment: Being 
in the same group or in different groups should not affect subjects’ decisions as 
they receive no information regarding their group members’ choices. The alloca-
tion scheme in Table 3, with one group in each of the baseline treatments, allows 
us to have more subjects in each group. Subjects were randomly assigned to the 28 
groups. For the purpose of our statistical analysis (explained in Sect. 4), twice as 
many subjects were assigned to each baseline group as those assigned to each fore-
cast sharing group. This allocation results in approximately 43 subjects in each of 
the 24 forecast sharing groups and approximately 86 subjects in each of the 4 base-
line groups.

We aim to test the following hypotheses with the experimental design:

Hypothesis 1 (a) The forecast sharing groups display a higher concentration of 
forecasts compared to the baseline groups. (b) The forecast sharing groups make 
more individually rational investment decisions compared to the baseline groups.

Hypothesis 1 aims to investigate the effect of forecast sharing. In the psychology 
literature, Janis (1982) defines “groupthink” as the tendency of consensus seeking. 
Bénabou (2013) and Bénabou (2015) incorporate the notion into the economics lit-
erature and show that groupthink may contribute to the formation of collective delu-
sions in groups. Based on the literature, by Hypothesis 1a, we aim to test whether 
subjects tend to suppress divergent forecasts and reach a conformity with other 
group members in communication. Such a tendency would increase the concen-
tration level of forecasts in the forecast sharing groups. Moreover, if within-group 
information sharing leads to collective wisdom, the forecast sharing groups would 
perform better than the baseline groups in investment, leading to Hypothesis 1b.

In Hypothesis 2, we look into the comparison between the interdependent project 
and the independent project. Notice that when m > 0 , there is a positive investment 
spillover in the interdependent projects. If the positive spillover of the interdepend-
ent projects incentivizes subjects to over-report their forecasts to induce other group 
members to invest, then subjects in the forecast sharing groups with interdependent 
projects will report higher forecasts than those in independent projects and in the 
baseline groups.7 Furthermore, the over-reported forecasts may induce more invest-
ment in the interdependent projects. This leads to the following hypothesis:

7 When m < 0 , the spillover in the interdependent projects is negative, where subjects have incentives to 
under-report their forecasts to induce other group members not to invest. However, the opening price of 
SCI on November 30, 2015 has to fall below 3300 for World I or 3240 for World II for m < 0 to be satis-
fied, which is very unlikely given the closing price of 3436.4 on November 27, 2015. Even if a subject 
believes that the opening price would fall into this low range, he could not under-report his forecast given 
our experimental design, as this is already the choice with the lowest range that we provide (see Table 1).
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Hypothesis 2 In the interdependent projects, the forecast sharing groups report 
higher forecasts and invest more than the baseline groups.

With the different return multipliers between the two worlds, investment return 
in World II is higher than in World I under a given realization of the SCI, which 
may lead to more investments in World II. We compare between the two worlds in 
Hypothesis 3:

Hypothesis 3 Compared to World I, subjects in World II invest more.

3.2  Experimental procedure

The experiment started at 7:00 PM on Friday, November 27, 2015 and ended at 9:00 
AM on the next Monday, November 30, 2015.8 We recruited subjects by circulat-
ing a link of the experiment webpage to the WeChat user population via several 
channels. The main channel by which we advertised our experiment was to post the 
advertisement on popular official accounts.9 With the help of Shenzhen Quantum 
Net Technology Co., LTD,10 over 10 million subscribers of the official accounts it 
operated received the advertisement along with the link to the experiment webpage. 
All WeChat users receiving the link to the experiment could easily circulate it within 
their own social networks on WeChat.

Online Appendix C presents the cellphone screenshots of our experiment web-
page for the treatment of Interdependent Project-Forecast Sharing-World II (Inter-
FS-II). The instructions were written in Chinese as the targeted population was 
WeChat users who were mostly Chinese. The English translation of the experimen-
tal instructions can be found in Online Appendix D.

A brief description of the investment game was presented on the first page, in 
which subjects were informed that they were randomly assigned to different groups. 
On the second page, subjects were informed that 6 of them would be randomly cho-
sen after the experiment was closed and paid the amount of money which is equal 
to their final payoff in the game.11 The ex post average payment was about 3 RMB 

8 It is worth noting that the SCI dropped 5.48% on November 27, 2015. But there was no news or policy 
involving a significant impact on the subjects’ beliefs released during the experimental period.
9 Official accounts, as opposed to private accounts, are interfaces an operator uses to gather subscribers, 
circulate notifications or redirect readers to a website.
10 This is a company that provides operational services for WeChat official accounts. It operates up to a 
thousand official accounts on nearly all kinds of topics including fashion, lifestyle, tourism, sports and 
entertainment. As of 2016, it had hundreds of millions of subscribers.
11 We adopt the approach of randomly paying only a subset of participants in order to lower the trans-
action costs due to the large number of participants. Recent examples of adopting the same approach 
include Exadaktylos et  al. (2013), Attema et  al. (2016) and Ehm et  al. (2018). Charness et  al. (2016) 
review related studies and conclude that the loss of motivation generated by paying only a subset of par-
ticipants instead of paying all of them is small. Moreover, while the probability of being chosen is low 
(6 out of 1385), the highest possible payment is high (over 1000 RMB). Angner (2016, p175) points out 
that using lotteries is an effective way to incentivize subjects, because according to the prospect theory, 
people tend to overweigh a small probability of winning a large award.
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per subject (equivalent to US$0.48) with the average experimental duration being 
5–10 min, meaning an hourly wage of approximately US$3-6. Compared to the pay-
ment level of the online experiments conducted on MTurk (reviewed in Table A.1 
in Online Appendix A) and considering the differences in minimum wages across 
countries, the payment level in our experiment suffices to provide incentives for the 
subjects.12

The subjects were then provided with the detailed instructions of the game. Two 
example payoff calculations were given in the link below the instructions. At the 
top of the third page, we presented a figure displaying the last 5 days of the SCI. 
Below that, we provided an online calculator to help subjects calculate the payoff. 
The calculator allowed subjects to adjust the level of the SCI, to change the invest-
ment decision, and, for subjects in the interdependent project, to vary the percentage 
of investors within the group, so as to see how the payoff was determined accord-
ingly. Then, we asked the subjects two major questions: Question 1 on the forecast 
of the SCI opening price (i.e., the Forecasting Task) and Question 2 on whether to 
invest (i.e., the Investment Task), both of which were compulsory.

After the subjects completed the two tasks, they were asked to complete a demo-
graphic questionnaire on the fourth page. At the end of the experiment, on the fifth 
page, we reminded the subjects that they could return at anytime before the deadline, 
i.e., 9:00 AM on November 30, 2015, to view and change their selections.

The SCI, which determined the return multiplier m, was realized 20 minutes after 
the experiment was closed. Then, 6 participants were randomly selected. We calcu-
lated their payoffs according to m and their investment decisions, used their recorded 
WeChat User IDs to contact them and paid them via WeChat transfer. Online 
Appendix C.2 provides several original screenshots of online payments and Online 
Appendix D.3 provides English translations.

A total of 1569 WeChat-user subjects participated in the experiment, of whom 
1385 completed the game. Table 4 summarizes the demographic statistics. The com-
position of our subjects is in general balanced in gender and is more diverse than 
that of a laboratory experiment in terms of geographic regions, education levels and 
annual household income. Table 4 also shows the demographic distribution of sub-
jects broken down by each of the three treatment dimensions.

4  Experimental results

According to the opening price of SCI on November 30, 2015, i.e., 3433.86, the 
correct forecasts in our experimental setting are Option D in World I and Option 
C in World II, which correspond to the return multipliers m = 40% in World I and 
m = 80% in World II. Therefore, the individually rational decision in both worlds 
and under both types of projects is to not invest.

12 The minimum hourly wages in 2015 were US$7.25 in the U.S. (federal nationwide), US$0.31 in India 
and ranged from US$1.2 to US$2.8 in China (varying across regions). See a list of minimum wages by 
country on Wikipedia, available at https ://en.wikip edia.org/wiki/List_of_minim um_wages _by_count ry.

https://en.wikipedia.org/wiki/List_of_minimum_wages_by_country
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We first define the subjects’ selection shares of options in Question 1 (the Fore-
casting Task):

where cij is the number of times Option i is selected, or Option i’s selection count, in 
group j, and T is the number of options. Figure 1 depicts the selection share of each 
option for the baseline groups and the average selection share of each option for 
the forecast sharing groups under each treatment, while Fig. 2 depicts the subjects’ 
selection distribution for each group in the Forecasting Task. Figure 1 shows that 
many of the options have similar selection shares between the baseline treatments 
and the forecast sharing treatments, especially for the correct options, i.e., Option D 
in World I and Option C in World II (with the only exception in Fig. 1b). However, 
Fig. 2 shows that the baseline groups preserve a more even distribution for Option 
B, C and D in World I and Option A, B and C in World II than the forecast sharing 
groups. In addition, the share of the correct forecast is not necessarily larger in fore-
cast sharing groups than in the corresponding baseline group. Figure 3 depicts sub-
jects’ choices in the Investment Task, showing the frequencies of those who chose 
not to invest, i.e. the individually rational decision, in various treatments.

sij =
cij

∑T

k=1
ckj

(a) (b)

(c) (d)

Fig. 1  (Average) Selection shares in the Forecasting Task. Notes: (1) Light bars are the selection shares 
of Option A to F for the baseline groups. Dark bars are the selection shares averaged over the six forecast 
sharing groups. (2) The bars highlighted with frames are the (average) selection shares of the correct 
forecast, i.e. Option D in World I and Option C in World II
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4.1  Concentration and variability of forecasts

In the analysis below, we use the Herfindahl-Hirschman index (HHI) to examine the 
extent to which subjects’ forecasts are concentrated within a group. HHI is commonly 
used to measure market concentration, and is also widely applied to study various 
social issues, such as measuring the variability of individuals’ choice modes (see, e.g., 
Susilo and Axhausen 2014). In our study, we use HHI to measure the level of forecast 
concentration. HHI Hj for group j is defined as:

where sij is the selection share of Option i in group j as defined above. According to 
this definition, the higher the forecast concentration is for group j, the closer Hj is to 
1. Consider an extreme case where all participants in group l select the same option 
k. Then option k has share skl = 1 while sgl = 0 for all g ≠ k , and thus Hl equals 1. If 
forecasts are more dispersed, Hj is lower. The lower bound for Hj depends on T, the 
number of options: For our forecasting question, Hj ranges from 0.17 to 1.

The subject allocation scheme (described in Sect.  3) allows us to adopt an 
approach that is closely related to Salganik et  al. (2006, hereafter SDW) to 

Hj =

T∑

i=1

s2
ij

(a) (b)

(c) (d)

Fig. 2  Selection distributions in the Forecasting Task. Notes: (1) The numbers 1, 2, … 6 indicate the six 
forecast sharing groups respectively. (2) The shaded areas represent the selection share of the correct 
forecasts, i.e. Option D in World I and Option C in World II
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(a)

(b)

Fig. 3  Frequencies of “Not Invest”. Note: The numbers 1, 2, … 6 indicate the six forecast sharing groups 
respectively
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statistically compare the HHIs between the baseline and forecast sharing groups.13 
This statistical procedure falls in a broad class of nonparametric resampling methods 
and saves experimental costs by allowing us to collect a much smaller sample in the 
baseline treatments than in the forecast sharing treatments. The statistical procedure 
for each of the four comparisons between forecast sharing groups and the baseline 
group (for Independent Projects in World I or II, or Interdependent Projects in World 
I or II) is detailed as follows:

Step 1 We calculate the HHI for the 6 forecast sharing groups, resulting in 6 HHIs 
for the forecast sharing treatment;

Step 2 We randomly and evenly split the one group in the corresponding baseline 
treatment into two groups so that the size of the two groups is the same as that of 
the forecast sharing groups, and then calculate the HHI for one of the two groups. 
We repeat the step 6 times, resulting in 6 HHIs for the baseline treatment;

Step 3 We conduct the two-sided Mann–Whitney U test on the HHIs of the forecast 
sharing treatment and the baseline treatment (using the results in Step 1 and 2) 
and record the p value;

Step 4 We repeat Step 2 to 3 1000 times (as in SDW) and calculate the frequency of 
the cases where HHI is not significantly higher in the forecast sharing treatment 
than in the baseline treatment (where the significant difference is determined by 
Z-statistic < 0 and p value < 0.05).

Figure  4 reports the average HHI for each treatment using the above procedure, 
while Table 5 reports the frequencies from Step 4.

The statistical results suggest that the forecasts in the forecast sharing groups are 
significantly more concentrated within the group than those in the baseline groups, 
in both worlds and for both interdependent and independent investment projects. We 
thus have our first result:

Result 1a Forecasts in the forecast sharing groups are significantly more concen-
trated than those in the baseline groups.

Since forecasts are more concentrated with forecast sharing, a natural question 
is thus: Does forecast sharing help subjects make better forecasts and better indi-
vidual investment decisions? Figure 5 presents the frequency of subjects’ selection 
of the correct forecast for each group. This figure, together with Fig. 2, shows that 
the frequency of making correct forecasts fluctuates across groups in the forecast 
sharing treatments. The Fisher’s exact tests show that in all the four types of projects 
(Inter- or Independent Projects in World I or II), there is no statistically significant 
difference in the frequency of making correct forecasts between the forecast sharing 
groups and the baseline group ( p values > 0.1 ). This result suggests that while fore-
cast sharing leads to converged forecasts among group members, subjects with fore-
cast sharing do not necessarily make better forecasts. In addition, Fisher’s exact tests 

13 Besides SDW, a very similar procedure has been employed in Bapna and Umyarov (2015).
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(a)

(b)

Fig. 4  Average HHI. Note: The bar for the baseline group is the mean of the 1000 simulations (each 
including 6 simulated HHIs)

Table 5  Comparisons of HHI

This table reports the frequencies of not having a significantly higher 
HHI in the forecast sharing treatment than in the baseline treatment

Interdependent Project Inde-
pendent 
Project

World I
 Frequency < 0.05 < 0.01

World II
 Frequency < 0.05 < 0.01
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show that for each type of projects, the frequencies of choosing the extreme forecast 
options (A or E) are not significantly different between the forecast sharing groups 
and the baseline group ( p values > 0.1).

(a)

(b)

Fig. 5  Frequencies of making correct forecasts. Note: The numbers 1, 2, … 6 indicate the six forecast 
sharing groups respectively
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Figure 3 shows fluctuating frequencies of choosing not to invest across groups, 
i.e. the proportion of subjects making the individually rational decision diverges 
across the forecast sharing groups. We conducted the Fisher’s exact test for each of 
the four types of projects, and found that in all the four types of projects, there is no 
statistically significant difference in terms of the frequency of investment between 
the forecast sharing groups and the baseline group ( p values > 0.1).

Result 1b Forecast sharing neither leads to better forecasts nor significantly alters 
the subjects’ investment decisions.

While Result 1a lends support to Hypothesis 1a, Result 1b does not support 
Hypothesis 1b. This result is consistent with findings in a recent study by Chen et al. 
(2018). They find that how the information of others’ choices affects performance 
in answering knowledge-related questions depends on the difficulty of the question 
relative to the knowledge of the subjects: Improvement occurs for relatively easy 
questions, while for hard questions, providing the information could even be harm-
ful for performance. In our context, with the complexity of the forecasting task, the 
information on others’ choices does not help in improving individual performance.

To further investigate how divergent the forecasts are under forecast sharing, we 
adopt the index of dissimilarity to measure the variation in forecasts across groups. 
The index of dissimilarity was first used by Cutler et al. (1999) to measure the resi-
dential segregation of two groups of people distributed across areas. Gentzkow and 
Shapiro (2011) use the index to capture the extent to which liberals and conserva-
tives are exposed to different facts and opinions. We use the dissimilarity index to 
measure the extent to which the options are selected disproportionately by subjects 
in different groups; a higher dissimilarity index indicates more variable choices of 
subjects and higher imbalance of forecasts across groups. Formally, the index of 
option dissimilarity, of option i is defined as

where cij is Option i’s selection count in group j, ci is Option i’s selection count in 
all groups, dij is the selection count of all the options other than i in group j, and di 
is the selection count of all the options other than i in all groups. G is the number 
of groups in the treatment. The index ranges from 0, when the selection of Option 
i is as equally balanced among the groups as the selection of the other options, to 
1, when option i is selected by everyone in some groups but not at all in the other 
groups.

The treatment dissimilarity is the average of the T option dissimilarities:

where T is the number of options.

option dissimilarityi =
1

2

G∑

j=1

||||
|

cij

ci
−

dij

di

||||
|

treatment dissimilarity =
1

T

T∑

k=1

option dissimilarityk
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In order to examine the effects of forecast sharing on dissimilarity indices, we 
conduct the following statistical procedure for both the option dissimilarity and the 
treatment dissimilarity, which is similar to the one of SDW and the procedure we 
have conducted for HHI.

Step 1 We calculate the dissimilarity index for every 2 of the 6 forecast sharing 
groups, resulting in 15 indices for the forecast sharing treatment;

Step 2 We randomly and evenly split the one group in the baseline treatment into 
two groups so that their group size is the same as that in the forecast sharing treat-
ment, and then calculate the dissimilarity index for the two groups. We repeat the 
step 15 times, resulting in 15 indices for the baseline treatment;

Step 3 We conduct the two-sided Mann–Whitney U test on the dissimilarity indices 
of the forecast sharing treatment and the baseline treatment (using the results in 
Step 1 and 2) and record the p value;

Step 4 We repeat Step 2 to 3 1000 times and calculate the frequency of the cases 
where the value is not significantly higher in the forecast sharing treatment 
than in the baseline treatment, where significant difference is determined by 
Z − statistic < 0 and p value < 0.05.

Figures 6 and 7 display the average option dissimilarity of the correct forecasts and 
treatment dissimilarity respectively, for the baseline and the forecast sharing groups 
under the four types of projects, generated from the above statistical procedure. The 
results of the statistical tests in Step 4 are reported in Tables 6 and 7.

   
Figure 6 shows that the option dissimilarities of the correct forecasts in the forecast 

sharing treatments are higher than those in the baseline treatments, while the statistical 
results reported in Table 6 suggest that the differences are not statistically significant 
in most cases. Therefore, the bottom line we can draw is that pre-play communication 
does not make the selection of the correct forecast more stable across groups.

Figure  7 shows a higher treatment dissimilarity in the forecast sharing groups 
than groups in the baseline, and Table 7 shows that the differences are statistically 
significant. That is, while subjects who communicate tend to concentrate on some 
option as indicated by the higher HHI, subjects in different groups concentrate on 
different options. The variability of forecasts further substantiates the result that 
pre-play communication does not necessarily lead to better forecasts. The following 
result summarizes the analysis on dissimilarity indices:

Result 1c The forecasts in forecast sharing treatments are of significantly higher 
variability across groups than those in baseline treatments.

4.2  Effects of payoff interdependence and mapping between SCI and return 
multipliers

Hypothesis 2 suggests that when there is a positive spillover in investment, subjects 
may report higher forecasts and invest more. We then investigate the effects of payoff 
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interdependence on forecasts and investment. We let forecast option A  =  6, B  =  5, 
…, E = 2, F = 1.14 The Mann–Whitney U test shows that for each of the four sce-
narios (baseline in World I or in World II, forecast sharing in World I or in World II), 
there is no statistically significant difference in terms of the level of forecasts or the 

(a)

(b)

Fig. 6  Option dissimilarity of the correct forecasts. Note: The bar for the forecast sharing groups indi-
cates the mean of the 15 option dissimilarity indices, while the bar for the baseline group is the mean 
of the 1000 simulations (each including 15 simulated option dissimilarity indices) generated from the 
statistical procedure above

14 Using an alternative coding such as letting forecast equal 1 if option A, B or C is chosen and 0 other-
wise does not change our statistical results.
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frequency of investment between independent projects and interdependent projects 
( p values > 0.1).15 This result suggests that subjects do not strategically manipulate 

(a)

(b)

Fig. 7  Treatment dissimilarity. Note: The bar for the forecast sharing groups is the mean of the 15 treat-
ment dissimilarity indices, while the bar for the baseline group is the mean of the 1000 simulations (each 
including 15 simulated treatment dissimilarity indices) generated from the statistical procedure above)

15 Under forecast sharing treatments, we have six groups for each scenario and thus forecasts (invest-
ment) may be correlated within a group; therefore, we use average forecasts (investment frequencies) 
at the group level in running the Mann–Whitney U tests. Under baseline treatments, however, there is 
one group in each scenario; the tests are thus conducted at the subject level. The unique group in each 
of the baseline treatments also allows us to use the Fisher’s exact test to test investment for the baseline 
scenarios. The above description of statistical tests we conducted also apply for the tests between World I 
and World II reported below. The Fisher’s exact test shows that there is no significant difference in terms 
of investment frequency between independent and interdependent projects ( p values > 0.1).



1 3

Concentration and variability of forecasts in artificial…

their forecasts, when forecasts are shared, to induce peers’ investment in the presence of 
investment spillovers. One possible reason that may account for this observation is that 
with the relatively large group size (43 subjects in a group on average), one subject’s 
influence on the overall distribution of forecasts is small, and thus subjects have weak 
incentive to manipulate the forecasts.16,17

Result 2 There is no significant difference in terms of forecasts or investment fre-
quency between independent and interdependent projects.

World I and World II differ in the mapping between SCI and return multipliers. 
Given each realization of SCI, World II always yields a higher return multiplier, m, 
than World I. Hypothesis 3 suggests that subjects in World II would invest more 
often than in World I. However, the Mann–Whitney U test shows that, there is no 

Table 6  Comparisons of option 
dissimilarity of the correct 
forecasts

This table reports the frequency of not having a significantly higher 
option dissimilarity of the correct forecast in the forecast sharing 
treatment than in the baseline treatment

Interdependent project Inde-
pendent 
project

World I
Frequency > 0.1 > 0.1
World II
Frequency < 0.05 > 0.1

Table 7  Comparisons of 
treatment dissimilarity

This table reports the frequency of not having a significantly higher 
treatment dissimilarity in the forecast sharing treatment than in the 
baseline treatment

Interdependent project Inde-
pendent 
project

World I
Frequency < 0.1 < 0.05
World II
Frequency < 0.01 < 0.01

16 We thank an anonymous reviewer for constructive comments on this issue.
17 We also observe that for baseline groups in World I, subjects invest less often in interdependent pro-
jects (68%) than in independent projects (77%). The Fisher’s exact test shows that the difference is statis-
tically insignificant. More pessimistic forecasts in the interdependent projects (at least partially) account 
for the difference in investment frequency: In the interdependent projects, 39% of the subjects chose 
Option A or B in their forecasts, while in the independent projects, 41% of the subjects chose Option A 
or B in their forecasts, in the baseline World I.
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statistically significant difference in terms of investment frequency between World I 
and World II in the four scenarios (baseline or forecast sharing treatment with inde-
pendent or interdependent payoffs; p values > 0.1).18

Result 3 There is no significant difference in terms of investment frequency between 
World I and World II.

We also observe from Figs. 3 and 5 that in the baseline World I, while the per-
centages of making correct forecasts are very close between independent and inter-
dependent projects, the investment frequency is lower under interdependent projects 
than under independent projects. Moreover, in the baseline World II, for interde-
pendent projects, the percentage of correct forecasts (33%) is higher than the per-
centage of making the individually rational decision, “Not Invest” (23%); for inde-
pendent projects, however, the percentage of correct forecasts (22%) is lower than 
the percentage of making the individually rational decision (24%). These results 
might be surprising because given beliefs, subjects with pro-social preferences may 
invest more in the presence of investment spillovers. Two explanations may account 
for these observations. First, a correct forecast is not a necessary condition for an 
ex post individually rational decision, even for a purely self-interested subject. In 
World I (II), any self-interested subject with forecast of SCI below 3560 (3480) 
would choose not to invest. Second, given an individual’s belief which is a distribu-
tion over the options in the forecasting task, the forecast option that one believes to 
be the most likely may not coincide with the option that maximizes the expected 
utility of the subject (assuming that the subject will make the individually rational 
investment decision according to the m under this option). Therefore, choosing the 
correct forecast option is even not a sufficient condition for making the individually 
rational investment decision. In addition, the Fisher’s exact test shows that there is 
no significant difference in terms of the frequency of choosing the correct forecast 
or of investment between independent and interdependent projects in the baseline 
World II (p values > 0.1).

4.3  Regression results

In this subsection, we report results from regressions of forecasts and investment. 
Table  8 reports results from ordinal logistic regressions of subjects’ forecasts on 
dummy variables FS and INTER , with FS = 1 standing for forecast sharing and 
INTER = 1 for the interdependent projects, and their interaction term FS ⋅ INTER , 
for World I (Columns (1)–(2)) and World II (Columns (3)–(4)) respectively, con-
trolling for group fixed effects. Columns (1) and (3) also control for demographical 

18 The Fisher’s exact test also shows that there is no significant difference in terms of investment fre-
quency between World I and II for the baseline scenarios (p values > 0.1).
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variables.19 We still use the coding of forecast option A = 6, B = 5, …, E = 2, F = 1 
so that a more optimistic forecast corresponds to a higher value. Table  9 reports 
results from logit regressions of investment decisions on treatment variables FS , 
INTER and FS ⋅ INTER , for World I (Columns (1)–(3)) and World II (Columns 
(4)–(6)) respectively, controlling for demographical variables and group fixed 
effects. Column (2) and (5) include Forecast, an ordinal variable with forecast 
option A = 6, B = 5, …, E = 2, F = 1. Column (3) and (6), instead, include dummy 
variables on the subjects’ forecasts, fE − fA (in increasing order). 

In Table  8, the coefficients of FS and FS + FS ⋅ INTER represent the effects 
of forecast sharing on subjects’ forecasts given payoff independence and payoff 
interdependence respectively. We find that the coefficients of FS are insignificant 
while the coefficient of FS + FS ⋅ INTER is negative and significant only in World 

Table 8  Regression results on forecasts

(1) This table presents ordinal logistic regressions of forecasts on dummies denoting forecast sharing 
treatments and interdependent projects, and their interaction term
(2) Group fixed effects are controlled for
(3) The first two columns use data in World I. The last two columns use data in World II
(4) Heteroskedasticity robust standard errors are presented in parentheses. *, ** and *** represent sig-
nificance at 0.05, 0.01, and 0.001 levels respectively
(5) Results of the demographic correlates are presented in Online Appendix E

Forecast World I World II

(1) (2) (3) (4)

FS 0.1809 0.1561 − 0.3943 − 0.4522
(0.4832) (0.4642) (0.4386) (0.3884)

INTER − 0.3161 − 0.2553 − 0.1079 − 0.2041
(0.3159) (0.2940) (0.2924) (0.2756)

FS ⋅ INTER − 1.0101 − 0.8173 0.0174 0.1538
(0.5985) (0.5972) (0.5207) (0.4678)

Test of linear restrictions [with sum of point estimates presented]
 INTER + FS ⋅ INTER = 0 − 1.3262* − 1.0726* − 0.0905 − 0.0503
 FS + FS ⋅ INTER = 0 − 0.8292* − 0.6612 − 0.3769 − 0.2984

Pseudo R2 0.0251 0.0065 0.0531 0.0261
Demographic variables controlled for Yes No Yes No
Observation 649 699 630 686

19 We included the demographic variables reported in Table  4: a dummy variable on gender, dummy 
variables on residential areas (with living in Eastern China being the default) and on occupation (with 
Student being the default), as well as variables indicating age, education (EDU) and household income 
(INCOME). EDU = 1, 2, 3, 4, or 5 means the highest education level being junior high school or below, 
senior high school, professional school, university or graduate school respectively; INCOME = 1, 2, 3, 
4, 5, 6 or 7 means annual household income being 30,000 or below, 30,000–80,000, 80,000–300,000, 
300,000–500,000, 500,000–800,000, 800,000–2,000,000 or 2,000,000 or above respectively. The same 
applies to the other regression tables when demographical variables are controlled for.
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I when demographic variables are controlled for (and insignificant in all the other 
three cases), meaning that for interdependent projects in World I, subjects seem 
to report more pessimistic forecasts when sharing forecasts. The coefficients of 
INTER and INTER + FS ⋅ INTER represent the effects of payoff interdependence 
on subjects’ forecasts under the baseline and under forecast sharing respectively. 
We find that the coefficients of INTER are insignificant while the coefficients of 
INTER + FS ⋅ INTER are negative and significant in World I (and insignificant in 

Table 9  Regression results on investment

(1) This table presents logistic regressions of investment on dummies denoting forecast sharing and 
interdependent projects, and their interaction term. In column (2) and (5), an ordinal variable denoting 
forecast is included (with Forecast = 6, 5,… , 1 corresponding to option A to option F respectively). In 
column (3) and (6), dummy variables denoting forecast are included (with fA …  fE denoting the choice 
being option A to E respectively)
(2) Demographic variables and group effects are controlled for. Demographic correlates are presented in 
Online Appendix E
(3) The first three columns use data in World I. The last three columns use data in World II
(4) Heteroskedasticity robust standard errors are presented inside parentheses. *, **, and *** represent 
significance at 0.05, 0.01 and 0.001 levels, respectively

Investment World I World II

(1) (2) (3) (4) (5) (6)

FS − 0.0787 − 0.1904 − 0.1633 0.4513 0.6399 0.6817
(0.4615) (0.4742) (0.4704) (0.4592) (0.4991) (0.5067)

INTER − 0.4741 − 0.4510 − 0.4947 0.2828 0.2779 0.2897
(0.3685) (0.3859) (0.3921) (0.3739) (0.3856) (0.3935)

FS ⋅ INTER 0.6308 1.1235 1.1277 − 0.8857 − 1.0368 − 1.0042
(0.6604) (0.6928) (0.6934) (0.6528) (0.6952) (0.7069)

Forecast 0.6083*** 0.5774***
(0.0910) (0.0919)

fE 1.0078 0.1036
(0.6462) (0.6814)

fD 1.7030*** 1.2800*
(0.4957) (0.5623)

fC 2.2819*** 1.4219**
(0.4985) (0.5403)

fB 3.0107*** 2.4557***
(0.5544) (0.5706)

fA 3.0668*** 2.5877***
(0.5748) (0.5892)

Test of linear restrictions [with sum of point estimates presented]
 INTER + FS ⋅ INTER 0.1567 0.6725 0.6330 − 0.6029 − 0.7589 − 0.7145
 FS + FS ⋅ INTER 0.5521 0.9331 0.9644 − 0.4344 − 0.3970 − 0.3225

Pseudo R2 0.0403 0.1169 0.1204 0.0776 0.1498 0.1562
Observation 649 649 649 630 630 630
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World II). Meanwhile, the coefficients of the interaction term, FS ⋅ INTER , are 
statistically insignificant in all the regressions. These results suggest that forecast 
sharing or payoff interdependence do not have unambiguous effects on the opti-
mism of forecasts. This could be explained by the variability of forecasts under 
forecast sharing reported in Result 1c. However, a bottom line we can draw is that 
given spillovers of investment, the subjects did not over-report forecasts out of stra-
tegic motives when forecasts are shared.

In regressions on investment reported in Table 9, the coefficients of INTER , FS 
and the interaction term FS ⋅ INTER are all statistically insignificant. Moreover, 
we cannot reject the null hypotheses that the sum of the coefficients of INTER and 
FS ⋅ INTER equals zero and that the sum of the coefficients of FS and FS ⋅ INTER 
equals zero. Overall, the regression results reported in Table 9 suggest that neither 
forecast sharing nor investment spillovers has unambiguous effects on investment. 
If we repeat the regressions in Table 9 using only the data of those who report fore-
casts corresponding to positive m (A, B, C or D), the results are qualitatively the 
same.

We then look into the relationship between the unincentivized forecasts and the 
incentivized investment decisions. Columns (2), (3) (5), and (6) in Table 9 reveal 
a substantial, positive correlation between forecasts and investment decisions. In 
Columns (2) and (5), the coefficients of Forecast are positive and statistically sig-
nificant. In Columns (3) and (6), four out of five coefficients of the forecast vari-
ables are positively significant; and the coefficients increase in the forecasts.20 These 
results indicate that there is a significant increase in the likelihood of investment as 
forecasts increase. Therefore, while the Forecasting Task is not incentivized, we find 
a significant connection between the reported forecast and the investment decision, 
which confirms that the (cheap-talk) forecasts reported in the costless communica-
tion are associated with individuals’ underlying beliefs.

Result 4 Forecasts reported are significantly and positively associated with invest-
ment decisions.

Online Appendix E reports the deomographic correlates of regressions in 
Tables  8 and  9. It shows that there is no substantial individual heterogeneous 
effect on forecasts or investment: Most of the demographic correlates are statis-
tically insignificant. However, we find that in World I, private sector employees 
report significantly lower forecasts than students, while in World II, the reported 
forecasts significantly decrease as education level increases; meanwhile, investment 
in World II is more likely for female, older or lower income subjects. However, no 

20 Moreover, the tests of linear restrictions show that the coefficients for fi are significantly different 
from each other. Pairwise tests among the coefficients for fi yield similar results: The difference is sig-
nificant in all of the comparisons ( p values < 0.05 ), except for the comparisons of fA versus fB and fD 
versus fE in World I, and fA versus fB and fC versus fD in World II.
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demographical variable is consistently associated with forecasts or investment in 
both worlds.21

4.3.1  Path dependence of forecasts

The concentration and variability of forecasts under forecast sharing reported in 
Sect. 4.1 suggests possible path dependence under forecast sharing. To examine this 
possibility, we investigate in forecast sharing treatments, whether and how the fore-
casts made by group members who entered the game earlier than a subject influ-
enced the subject’s choice in the forecasting task. We created a dummy variable, 
Imode , which equals one if the subject chose the option that was most commonly cho-
sen by the group members who entered earlier than the subject, and zero otherwise. 
Using the data from the forecast sharing groups, we then regressed this dummy vari-
able on a variable indicating the entering order of the subject, ID (with ID = j for 
the jth subject entering the group) and treatment dummy variables, WORLDI and 
INTER indicating World I and interdependence of payoffs respectively. Table  10 
reports the logistic regression results, where column (1) controls for demographic 
variables and column (2) does not. Table 10 shows that the coefficients of Imode are 

Table 10  Path dependence in 
forecast sharing groups

(1) This table reports results of logistic regressions using data from 
the forecast sharing groups.
Imode = 1 if the subject chose the option that was most commonly 
selected by group members entering earlier than her. ID indicates the 
entering order such that ID = j for the jth subject entering a group. 
WORLDI = 1 for World I and 0 otherwise
(2) Group fixed effects are controlled for
(3) Heteroskedasticity robust standard errors are presented in paren-
theses
(4) *, **, and *** represent significance at 0.05, 0.01, and 0.001 lev-
els respectively

Dependent variable: Imode (1) (2)

ID 0.0149* 0.0142*
(0.0068) (0.0062)

WORLDI 0.5509 0.0492
(0.6023) (0.5805)

INTER − 0.1616 − 0.0470
(0.5505) (0.5165)

Demographic variables controlled for Yes No
Pseudo R2 0.0617 0.0415
Observation 867 931

21 We also ran regressions similar to those reported in Column (1) and (3) of Table 8, adding interac-
tion terms between the demographical variables and treatment variables, FS , INTER and FS ⋅ INTER , and 
found that none of these interaction terms is significantly associated with forecasts in both worlds.
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positively significant, suggesting that the later a subject enters the game, the more 
likely s/he is to choose the most popular choice of the group members entering 
earlier than him/her, suggesting a pattern of path dependence. We also ran similar 
regressions with data from the baseline groups, where the coefficients of Imode are 
statistically insignificant.

5  Conclusion

This paper explores how individual forecasts and investment decisions are influ-
enced by costless communication among individuals. In particular, we focus on the 
effects of forecast sharing on individuals’ forecasts about the financial market as 
well as the effects on their subsequent investment decisions. First, our online experi-
mental evidence shows that the unincentivized forecasts reported in the costless pre-
play communication are positively associated with subjects’ investment decisions. 
Moreover, the reported forecasts tend to converge when forecasts are shared. How-
ever, communication does not necessarily lead to better individual performance in 
the financial market: The shared forecasts are not closer to the true state, nor do 
people make more individually rational investment decisions. Instead, we show that 
the forecasts while converging within a group, become significantly more variable 
across groups when shared. Moreover, in the investment games, the public good fea-
ture of investment does not affect either forecasts on or investment decisions in the 
market.

Our paper is the first to explore the use of WeChat as a platform for economic 
experiments. We have detailed in the paper the advantages and procedure of running 
online experiments using WeChat. This platform is particularly advantageous for 
researchers to study dynamic issues, such as social learning and contagious manias 
in financial markets followed by a crash, which are difficult to study using tradi-
tional experimental methods in the laboratory with a limited number of subjects. 
Our experiment conducted via WeChat thus showcases a promising experimental 
approach to study massive-scale economic and financial systems.
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