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Abstract

This paper studies how the social transmission of information with echo chambers
affects financial markets. In an equilibrium model, investors trade competitively in
the market based on public information revealed by asset prices and private informa-
tion accumulated through word-of-mouth communication in echo chambers. I show
that unconscious biases are endogenously generated in investors’ private signals when
information percolates with echo chambers. The unconscious biases drive investors’ po-
larized views, lead to belief polarization, generate excess trading volume, and impact
assets’ expected returns. The information-sharing process amplifies these effects. The
public asset prices help dampen belief polarization but do not fully eliminate investors’

unconscious biases.
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1 Introduction

There is mounting concern about growing polarization in beliefs (Gentzkow, 2016; Baldassarri
and Park, 2020; Boxell et al., 2020), especially among social network communities. People are
deeply divided on controversial issues, and such divisions have become increasingly aligned
with race, gender, and partisan identities. The exacerbation of social polarization raises
a question: How is the financial market affected by this social phenomenon?! The paper
aims to understand the impacts of polarized beliefs among investors on asset price, expected
returns, and trading volume, and how the social transmission of information influences such
a belief polarization in the economy.

To account for the polarization in beliefs, my paper begins with a model of two groups
of investors endowed with noisy private information about the fundamental value, inclusive
of either positive or negative bias.?2 I assume investors have heterogeneous biases and are
unconscious of them. The unconscious biases are endogenous results of investors commu-
nicating in “echo chambers” — an environment where people reject disliked opinions and
only receive information that reinforces their existing views (Wojcieszak et al., 2021; Akcay
and Hirshleifer, 2021; Cookson et al., 2022). When investors acquire private information
through word-of-mouth communications (Duffie et al., 2009; Andrei and Cujean, 2017) in
echo chambers, unconscious biases are generated and amplify belief polarization, defined as
the difference in average beliefs of the two groups.

These assumptions are closely related to reality. There is extensive evidence about
homophily in social interaction (e.g., McPherson et al., 2001; Kossinets and Watts, 2009;
Golub and Jackson, 2012) that people tend to associate with individuals with similar char-
acteristics. Being surrounded by homogeneous ideas from like-minded people, individuals’
preexisting beliefs are substantially reinforced (Bakshy et al., 2015; Jackson, 2019). Also,
social media’s success, such as Facebook and Twitter, contributes to social polarization by

creating echo chambers that sheltered people from opposing perspectives (Sunstein, 2001,

IThere is evidence for the impact of social polarization on the financial market. For example, Goldman
et al. (2020) finds political polarization in corporate financial news. Meeuwis et al. (2022) shows there is
belief disagreement based on investors’ party affiliations.

2Investors in the model have unidimensional opinions which can be simply partitioned by the bias value.
This is similar to DeMarzo et al. (2003) that people’s opinions converge to a left-right spectrum under
persuasion bias.



2007). As Jamieson and Cappella (2010) have pointed out, members of an echo chamber
actively discredit external sources of information. By making such untrust between insiders
and outsiders, the echo chamber isolates members from outside voices and amplifies biased
beliefs. Moreover, social media’s news feed fundamentally alters the way people encounter
ideas and information by leaving them in a filter bubble. First identified by Pariser (2012),
the filter bubble refers to the result of preference-fitted algorithms developed by social me-
dia. The algorithms filter out information people do not want to see and display favorable
opinions based on user’s personal information, such as search history, past click behavior,
and social network connection. As social media has increasingly become the primary source
of news for many people,® exposure to selective information confines users to polarized views.

The model framework is based on noisy rational expectation equilibrium model (e.g.,
Admati, 1985), and also captures differences of opinions between investors (e.g., Banerjee,
2011). One key element of my model is that investors have heterogeneous biases which
are unobservable and unverified. The bias unconsciously circulates across the population
with investors’ communications. As shown by simulations, the bias can be endogenously
generated from the information percolation process when investors are restricted in echo
chambers and selectively accept information. In practice, unconscious biases can come from
selective exposure to confirmational information Cookson et al. (2022). Thus, I assume
investors prefer to reject disliked information and accept opinions that confirm what they
already believe in (Lord et al., 1979; Nickerson, 1998; Rabin and Schrag, 1999; Schulz-Hardt
et al., 2000; Roland G. Fryer et al., 2019). The model does not distinguish between the two
scenarios because my goal is to explore how biased information affects investors and financial
markets instead of figuring out where the bias comes from. The results are not affected by
any particular explanation of the bias.

The unconscious bias has two effects. First, it prevents the aggregate private information
from perfectly revealing the fundamental value. This imperfection of aggregate wisdom
is different from the standard case in rational expectation literature(e.g., Hellwig, 1980;
Admati, 1985; He and Wang, 1995). Second, it leads to investors’ misperception about their

information and thus distorts investors’ beliefs. Since investors are unaware of the bias, they

3According to Gottfried and Shearer (2018), 68 percent of US adults get news on social media.



misinterpret the composition of private signals and equilibrium asset prices. Such distorted
beliefs diffuse in the market with the information-sharing process.

The paper’s main results show that the bias-driven polarization generates belief diver-
gence in the economy and results in excess trading volume and biases expected returns.
Furthermore, the social transmission of information through investors’ communication re-
inforces belief polarization. It significantly amplifies the belief polarization’s impact on
financial markets when investors exchange information at a higher frequency.* The results
imply that when investors cannot correct the bias in their signals and are unwilling to accept
opposing ideas, information sharing can enhance the economy’s belief divergence instead of
speeding up social learning to reach a consensus.’ I also show that belief polarization can
be dampened by public market prices, emphasizing the importance of reliable information
disclosure in reducing social divergence.

My work first contributes to the theory of belief polarization in the financial market. It
provides a novel explanation for the scenario where investors’ beliefs are polarized on some
assets: unconscious biases from echo chamber effects lead to belief polarization. This paper
also contributes to the literature on social learning. In contrast to the traditional theory
of rational social learning that studies how individual decisions are influenced by others’
actions(Banerjee, 1992; Hirshleifer and Welch, 1992), I concentrate on the aggregation effect
of social interactions in shaping social beliefs, and I show a result of social belief divergence
from information transmission. In the AFA presidential address, Hirshleifer (2020) proposes
that a positive bias unconsciously and repeatedly added by investors in exchange of infor-
mation explains the action boom, which is a systematic directional shift in ideas induced by
social transactions. My result is consistent with it, but I do not assume investors are more
likely to exchange positive information. I attempt to offer another explanation for biased
social learning: it results from the information percolation process with echo chambers.

My work adds to the literature on belief dispersion. I focus on belief polarization gen-
erated from unconscious information bias and do not assume investors have different priors

and agree to disagree. Investors in my model can have heterogeneous beliefs because of

4This is consistent with Andrei (2015) that finds higher meeting intensity stimulates trading volume.
5See Golub and Jackson (2012) for social learning being slowed down by homophily.



their private noises, while belief polarization only exists when they have unconscious biases.
Furthermore, I show that belief polarization amplifies belief dispersion in the economy. In
a concurrent working paper, Meeuwis et al. (2022) show evidence that investors’ portfolio
choice and trade volume are affected by their party affiliations. The paper may provide a
theoretical basis for their results. Heterogeneous economic expectations between Republi-
cans and Democrats may arise from slanted news they receive from CNN vs. FOX or their
homophilous communities. Communications with people with the same political stance re-
inforce their belief disagreements and cause polarization.

The rest of the paper is organized as follows. Section 2 presents the theoretical model.
I first introduce the setup and information structure of the model in section 2.1 and 2.2.
Then I show how unconscious biases can be endogenously generated in communications by
simulated results in section 2.3, which provide a theoretical motivation for the unconscious
bias. Section 2.4 describes the equilibrium. Section 3 discusses the belief polarization caused
by unconscious biases. My main results for asset pricing implications are presented in section

4. Finally, section 6 concludes. All proofs are in Appendix A.

2 Model

2.1 A dynamic setup

I consider a dynamic model with two trading dates, indexed by ¢t = 0, 1, and a final liquidation
date t = 2. The economy is populated by a continuum of investors indexed by i € [0, 1].
With initial wealth W¢, each investor trade a risk-free bond and K risky assets indexed by
k € {1,...,K} to consume the final wealth ;. The gross return of the risk-free bond is
exogenously set as Ry. The K risky assets have equilibrium prices Py = (Pyy, ..., Px;) at
each trading date t = 0, 1, and pay a vector of liquidating dividends D = (Dy,..., Dg)" at
final date t = 2:

D=nU+e, U~N(07"), e~Nk(0,7T) (1)
The vector n = (11,...,nk)" denotes risky assets’ exposures to a common factor U and is
known to investors. The vector e = (e, ..., ex) represents each risky asset’s idiosyncratic



risk. U is independent of e;, and ej, are independent across risky assets, Vk € {1,..., K}.
Thus Dy ~ N(0, H. ') where H, ' = (77 'n? + 771~

Investors have CARA utility with risk tolerance parameter . Define investor i’s infor-
mation set and portfolio choice at her trading date ¢ by F; and xj = (z1,,...,2%,)". Then,

each investor solves the following optimization problem when she trade in the market:

max E [—e_%WQi .7-}2] (2)
subject to
W3 = WiR? + Ryxi (P — RgPg) + x{(D — R;Py) (3)

The vector of incremental net supply of the K risky assets in each period is X; =
(X14,.-, Xkt) and X; ~ Ng (0,7, 'T). The equilibrium prices of risky assets are determined

by the market-clearing condition:

1
X, = / X! di (4)
0

2.2 Information structure and distorted beliefs

Prior to the initial trading date, each investor is endowed with a vector of noisy private
signals S = (S}, ..., Sk,)" about the final dividend D.

Si=nU +e)+e=D+ne, e ~N(O7T" (5)

AT

€y denotes investor i’s private noise about the economy. The private precision 7y, is known
by investors and investors correctly perceive the components of endowed signals.

Between the two trading dates, investors communicate and accumulate information in
the market. At date t = 1, each investor 7 has possessed a new vector of noisy private signals
S? about D. The newly accumulated private signals S} of investor i is contaminated by an

unconscious bias 6 towards the future economy:

Si=nU+d+e)+e=D+nd +ne, & ~N(,02), € ~N(O, (s — 7)) (6)



Investors have heterogeneous unconscious biases. ¢° is assumed to have a normal dis-
tribution with mean § and variance v2. When § > (<)0, the population is on average
positively(negatively) biased. In other words, investors with positive(negative) biases dom-
inates the economy. v represents the heterogeneity of unconscious biases across investors.
When v is large, investors are more dispersed over their unconscious biases. This is different
from the heterogeneity of private noises. So, in my model, investors are heterogeneous in
terms of private noise as well as unconscious bias. Unconscious bias means investors are un-
conscious of the existence of 6°. Here, the unconscious bias ¢° is exogenously specified in the
theoretical model. In the next subsection, I will provide an endogenous interpretation for the
unconscious bias ¢° and investors’ private precision 7, after one period of communication.
In the model, I assume investors perceive the same private precision 7,, and 7, .

Since investors are unconscious of the biases, they misperceive private signals S! as
unbiased. Investor i’s belief about her possessed signals at date ¢t = 1 is given by S¥ =
( ﬁlv ] S%’,l)/:

{~D+n g

Investor ¢ also misinterprets other investors’ private signals. Her belief about S{, the

private signals of investor j, is given by S¥ = (Si{l, o ,S%J)’:
SY =D +ne (8)

In this paper, I focus on the case where investors are totally unconscious of the biases.
I consider an extension that allows investors to partially know the existence of biases for
future research.5

At each trading date, investor i observes the public asset prices P; and uses it as another

information source. She conjectures a linear form of equilibrium prices P, which depends

60One way that generalizes the case where investors are partially conscious of the biases into the current
model is to add a parameter p € [0,1], which controls how much investors believe signals are biased. For
instance, equation (8) can be rewritten as Z% = n(pU + /1 — p28’ + /) +e. If p = 0, investors believe
other investors’ signals have no informativeness about D, but they correctly perceive the bias inclusive in the
signals. If 0 < p < 1, investors misestimate how informative and biased other investors’ signals are. When p
is lower, each investor perceives others’ signals as less informative and more biased. Throughout the paper,
I focus on the case where p = 1 and investors do not know the existence of biases at all.



on the aggregate private information in the market and the noisy supply X;. At date t =1,
however, investors are unconscious of the biases and misperceive that the aggregate private
information reveals the dividend D. Thus, the conjecture P? is inconsistent with the true
equilibrium pricing function Py, which depends on the average bias & even if investors are
unconscious of the bias. I will discuss the aggregate equilibrium effect of the unconscious

biases in detail in section 2.4.

2.3 Information percolation and unconscious bias

In the previous subsection, the unconscious bias of investors is specified exogenously. In this
subsection, I will show the unconscious bias §* can be viewed as being the endogenous result
of information percolation with echo chambers from date 0 to date 1 in my model.
I start by respecifying the information structure of investors. Suppose each investor i is
born with one noisy private signal Z} about the common factor U:
Z5=U+¢€), e,~N(0O71") (9)
I assume the population consists of two groups of investors, A and B, with equal mass.
Investors with a negative noise belong to group A and investors with a positive noise belong
to group B:
i€ A if € <0, i€B if € >0 (10)

From date 0 to 1, investors randomly meet and sequentially exchange their accumulated
private signals in the economy based on information percolation theory (Duffie et al., 2009).
Meetings take place continuously at Poisson arrival times with intensity A. So, information
diffuses across the population though communications.

When meeting with someone at time s € (0, 1], investor ¢ decides whether she accepts the
received signals. I denote the average of investor i’s accumulated private signals at time s by
Z!. The rules are that each investor i in group A or group B only accepts received signals in
the interval (—oo, Z! + B4] or [Z! — B, +00), respectively. Hence, each investor lives in her

own echo chamber governed by, B, > 0,9 € {A, B}, a “tolerance-to-listen” parameter. Take



investor ¢ from group A as an example. She likes extreme opinions in the interval (—oo, Z!]
but are also tolerant to less extreme information in the interval (Z!, Z¢ 4 84]. The larger the
parameter [,, the more tolerant of group g for “disliked” (less extreme) views and are more
willing to accept received signals.

When S, — +o00, investors from group g € {A, B} have open minds and are not restricted
in echo chambers. They are willing to listen to anyone they meet and accept their opinions.
In contrast, when 5, — 0, investors from group g have a “silo” mentality and do not listen to
people with less extreme views. Their echo chambers completely isolate them from disliked
voices. In aggregation, group g is polarized, and the polarization of group g becomes less
severe when (3, increases from 0. I will show that unconscious biases are endogenously
generated by the echo chamber effect in communications. The impact of unconscious biases
is controlled by 3, and A.

I use pr and Z® to denote the average of investor i’s accumulated signals after one
period of communication with and without echo chambers, respectively. The superscript p
represents that communicating with echo chambers is the polarization case where [, is finite
and investor ¢ € g selectively accept received information. In contrast, the superscript b
implies the benchmark case where [, is infinite, and investor i € g faces no echo chambers
and accept all signals she has received. Clearly, ZZ” is distorted from Z!* because of the echo
chamber effect. Since this distortion is unconsciously generated by investor ¢ in communica-
tions, I define it as investor i’s unconscious bias §° arising from the information percolation

process with echo chambers:

S=Z0 -7 (11)

Suppose in the benchmark case, Zi% = U + €, where €| is the average of private noises €

investor i has accumulated from communications. Then Z¥ can be decomposed into
ZP=U+0+¢ (12)

which corresponds to the part in the bracket of equation (6). This provides theoretical

foundation for the unconscious bias §’ towards the future economy in equation (6).



In equilibrium, I am interested in the aggregate effect of unconscious biases:

1 1
6= / ZPdi — / Ztdi (13)
0 0

which can be further decomposed into group bias 6 4 and dz:

5:(/ 72— [ Z{”’)+</ - | Zib) (14)
. JeEA JEA PN leB leB ,

-~ -~

E(SA E(SB

Since investors do not intend to generate such a bias, d 4 and dz can be viewed as the average
unconscious bias of group A and group B after one period of communication.

The echo chamber channel is shut down in the benchmark case by letting 54, 5 — oc.
In this case, both groups are tolerant to different views and decide to accept all signals
they have received. As the two groups have identical investors and symmetric signals, the
population average of information fol Z¥di after communications is equal to U. Also, the
group average of information [,_, Z{" = — [,_ Z{". Since when there are echo chambers, the
average of information does not have a closed-form solution, I will conduct simulations to
study the pattern of unconscious biases. The simulation details can be found in appendix
Al

Figure 1 presents the simulated results of 64 and dg after one period of information
percolation when both groups are restricted in echo chambers”. In the example, 35 is fixed
to be 0, which means investors from group B do not accept any outside information. In
contrast, group A’s tolerance to disliked information is adjusted through S4. As shown
in figure 1, group bias d4 = 05 = 0 without the information percolation process (A = 0).
Without communications, investors only hold their initial signals, and thus no distortion is
generated in their information after one period. As implied by equation (14), the aggregate
unconscious bias 6 = 0 in this case.

With communications, group A has negative unconscious bias while group B possesses

“One special case is that echo chambers only exist in one of the groups. Then d is governed by the
“tolerant-to-listen” parameter of that group. § <(>)0 if A(B) is the group that is restricted in echo chambers.
The current simulation results can be easily extended to include such cases where only 34 or 8z has an
impact.
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Figure 1: The unconscious bias of each group

This figure shows the impact of information percolation with echo chambers on each group’s
aggregate information. The panel on the left(right) plots the distortion in group A(B)’s aver-
age of signals after one-period of information percolation for different values of “tolerance-to-
listen” parameter 54. O is fixed as 0. The meeting intensity of the information percolation
process is set to be 0, 1 and 2. The number of investors N is 10, 000.

positive unconscious bias. The magnitude of unconscious biases becomes larger when people
talk more frequently with each other (A 7). The impact of echo chambers is amplified
with the information percolation process speeding up. When both groups are restricted in
their echo chambers, investors from group A(B) reject positive(negative) signals from group
B(A) and are negatively(positively) biased. As group A become more tolerant to outside
information (84 1), the absolute value of J4 decreases. Hence group A becomes less biased
when its investors are more willing to accept outside information. In contrast, dz does not
vary with 54 as investors from group B reject all the information from group A and thus
are not influenced when the other group becomes less biased. This also implies the absolute
value of aggregate bias ¢ increases when one group becomes less biased |J4| J but the other
group does not. As the unconscious bias of each group competes with each other, the group
g that has a larger unconscious bias d, with a smaller tolerance-to-listen parameter 3, will
dominate in aggregation. Therefore, the population is (negatively)positively biased when
5.4(0p) dominates. The simulation results of aggregate unconscious bias are presented in

figure 2.
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Figure 2: The population bias

This figure shows the impact of information percolation with echo chambers on the popula-
tion. It plots the distortion of population average of signals for different values of “tolerance-
to-listen” parameter 4. This distortion represents the unconscious bias in aggregation gen-
erated from the echo chamber effect. Parameters are consistent with figure 1.

As shown in figure 2, 6 = 0 in two scenarios: A\ =0 and 4 = 0. When there is no
information percolation (A = 0), echo chambers have no way to affect individual beliefs.
The population is unbiased as the information that investors possess does not change. So,
communication and exchange of information are needed to generate an aggregate effect of
unconscious biases. When 4 = 0, both group A and group B reject all outside information.
Since the two groups’ populations are symmetric, their average biases become opposite and
cancel out each other (64 = —d&g). This knife-edged case can be generalized to B4 = .
When the two groups have the same level of tolerance with disliked information, group
A’s negative bias offsets group B’s positive bias, which leads to zero population bias. So,
the difference in the tolerance to disliked information between the two groups is critical to
creating non-trivial population bias.

When 84 > 0 and A > 0, 6 > 0 in figure 2. So, the population average of private
information is positively distorted from the benchmark case, and the aggregate unconscious
bias is positive. The distortion is sensitive to the “tolerance-to-listen” parameter (4, which
governs the echo chamber channel of group A. § increases with 34 when (35 is fixed, indicating

there is more distortion in population when one group becomes more tolerant while the

11



other one is not. Such result arises from the competing effect between 64 and 3 which
has been discussed in figure 1. When group B is extremely polarized (s = 0) but group
A is less polarized (84 > 0), the echo chamber effect of group B dominates. The more
open group A(S4 1), the smaller magnitude of d4, and thus the larger impact of group
B’s unconscious bias on the population, which causes larger aggregate distortion. Also, J is
amplified when information percolates at a higher speed which enhances the echo chamber
effect in aggregation.

The simulation results in figure 1 and figure 2 have validated the existence of uncon-
scious bias 6° and its aggregate effect & across investors. This provides a theoretical basis
for each investor’s unconscious bias §% in equation (6). It is an endogenous result of the in-
formation percolation process with echo chambers from time 0 to 1. Furthermore, investors’
unconscious biases in aggregation have an impact, which depends on each group’s average
unconscious bias.

Besides the aggregate effect, the volatility of unconscious biases is also relevant. Figure
3 presented the simulation results for bias volatility v. Without information percolation,
unconscious bias §° does not exist, and thus v = 0. With information percolation and
echo chambers, the higher the transmission speed (A 1), the larger volatility of investors’
unconscious biases. So, given the echo chamber effect 54 and [z, the unconscious bias
becomes more divergent when investors communicate more intensively. On the other hand,
when (4 increases and group A becomes more open to disliked information, v decreases.
As investors accept others’ signals and average information repeatedly, their biases tend to
concentrate. In summary, unconscious bias §* becomes more volatile when investors are more
restricted by the echo chamber effects, and the information percolation process amplifies its
volatility. With the existence of unconscious bias, investors could become more heterogeneous
with communications. As I will show in the next sections, v does not affect the market price
in equilibrium and thus can be seen as a secondary parameter in my model. But since v
affects the heterogeneity of the economy, it adds to belief dispersion, and it matters for asset

pricing implications like trading volume.

12
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Figure 3: The bias volatility

This figure shows the impact of information percolation with echo chambers on the bias
volatility. It plots the volatility of §° for different values of “tolerance-to-listen” parameter
[B4. Parameters are consistent with figure 1.

Besides the unconscious bias, information percolation also generates heterogeneity in
precision across investors, as investors who start with one private signal at date 0 end up
with a different number of signals at date 1. Investors who accumulate more signals should
have higher precision. However, what really matters is how investors perceive their precision
when they trade. To focus on the unconscious bias in a simple setup, I do not consider the
heterogeneity in private precision among investors. I assume all investors perceive the same
precision in equation (6).

The assumption about the unconscious bias implies investors are unconscious of not only
being biased due to the echo chamber effect but also being less precise by selectively accepting
information. As implied by the simulation results in figure 4, the average precision increases
with the meeting intensity. Thus I assume when meeting intensity A is large and information
percolates at high speed, investors in my model perceive a higher private precision 7y, .

In summary, this section provides an endogenous interpretation for the unconscious bias
§" and private precision 7,, in equation (6). The hypothesis that an unconscious bias arises
from the information percolation process with echo chambers has been validated through
simulations. It motivates me to specify the unconscious bias in a reduced form in my theo-

retical model, as in equation (6).

13
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Figure 4: The average precision

This figure shows the impact of information percolation on the average precision in the
benchmark case. It plots the ratio of average precision 7, after the communication over
initial precision 7y, for different values of meeting intensity A of the information percolation
process.

2.4 Equilibrium

At each trading date t, investor ¢ learns about the dividends D under Gaussian updating
through perceived asset prices P} and the private signals S?. In the minds of investors, P!

and S¥ have the same value as P; and S! but misinterpreted components.

Theorem 1. In equilibrium, the market price of kth risky asset is given by
Poj = Ry? Lo (Low = H) D = Ry ™ Lo i (1+ 57, 7oy, ) Xow (15)

and

Py = RjtlLl_,llc(Ll,k — Hy) Dy + RJTILl_,lngT& - 7’50)771;2 + 72(7'51 - 750)27—06771;4]77165

(16)
— Ry L (U4 P70 e )Xok — Ry 'y T L[l 472 (T — 7o) Tty 21 X 1
where Ly = Var~'[Dy|Fi] is the conditional precision given by
Lo = Hy, + 7ogm;, > + V720 T (17)
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and

Ly = Hy, + 70,2 + 27200 e + 72 (T, — 7o) 03 T (18)

Though investors are unconscious of any bias, asset prices are indeed affected by the
unconscious bias. The second term on the RHS of (16) shows that unconscious biases have
an aggregate effect in equilibrium. The misinterpretation of information distorts investor
1’s learning process at date 1 as she misunderstands the composition of price and private
signals.

Investor ¢’s perceived conditional precision Lq; depends on the precision of private signals
and her perceived asset prices. However, those precisions are not the actual precisions as
investor ¢ is unconscious of biases in her perceived signals. She is less precise about D than
she believes when updating her beliefs. At date 1, investor i’s conditional expectation places
weights on her information in proportion to those signals’ relative precisions. However, as
I have mentioned, investor i’s perceived precisions are not the true precisions. The weight
investor ¢ assigns to her signals are biased due to the unconsciousness of biases. This effect
is amplified along with the information percolation process and distorts investors’ portfolio
choices and asset prices in equilibrium.

Asset prices are positively related to the dividends and biases in the economy and nega-
tively associated with the aggregate supply. I am interested in how unconscious bias affects

equilibrium prices. Replacing (18) into (16) and rearranging, I have

(TS1 — 7-80)77]% + 72(7-81 _ TSO)QTI
ol + 7275 Te + 72 (Tor = 76)*Ta

RyLyx(Lygx — Hy) ' Pry, = Dy, + ned — A (19)

where A includes the terms about Xy, and Xi;.

Py i, relies more on the average unconscious bias § when 7,, the average precision at date
1 increases. Thus the equilibrium prices become more sensitive to the unconscious bias when
investors communicate at a higher frequency (A 1) with each other. Although at the same
time, prices reveal more about dividend Dy, they are more contaminated by the biases in
the economy. The price informativeness may decrease, and investors cannot learn more from

the price.
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At date 1, investor i’s conditional expectation about the dividend D, is given by

Ll,kE[D|f1i] = (Lyix — Hy) Dy — '77—507—1777_2)(0,16 — (75, — TSO)TM;;QXUC (20)

+ (Tsl B 7-50)771:151' + 72(7—51 - 7-80)2771;37—15 + 7-8077];166 + (7—81 - 750)771;163

which is affected by not only her unconscious bias §° but also the average bias in the econ-
omy. As I have discussed in section 2.3, the magnitude of the average unconscious bias is
endogenously determined by the information percolation process with echo chambers.

The more restricted by the echo chamber, the more biased investor ¢ is about her infor-
mation (&° 1), which results in a more positive expectation about the asset dividends when
5" > 0 and vice versus. Investor i’s expectation is also affected by the average bias of the
population as she learns from equilibrium market prices. Therefore, even if investor i has
no individual bias §* because either she rejects echo chambers and listens to all information
or she does not communicate with others at all, her expectation is still distorted by the
unconscious biases of other investors when there exist echo chambers in the market. When
investors meet and talk at a higher frequency, 7,5, 1, the average bias has a larger impact on
investor ¢’s conditional expectation. This is because investors believe the market price incor-
porates more private information when the information-sharing process speeds up. Hence

they rely more on the price to update their beliefs, which strengthens the impact of 4.

3 Belief Polarization

This section aims to understand how the unconscious bias generated from echo chamber
effects in the information percolation process drives belief polarization in financial markets.

I first define a measure of belief polarization to discuss the bias’s impact.

Definition 1. Belief polarization P, = (P.1,...,Pix) of the economy is measured as
the distance between the average beliefs about future dividends D of the two groups that trade

at date t:

P, = / E [D|F!] di - / E [D|F]] di (21)
€A i€eB

Substituting the conditional expectations into the definition, I have the measurement of
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belief polarization as stated in the following proposition.

Proposition 1. Belief polarization exists only when there are echo chambers in the economy
and SA 7é SB.
Por =0, Pix= (05— 064)bx (22)

where ¢ 1s the polarization coefficient for the kth asset, which captures the unconscious

biases’ impacts on generating belief polarization:

¢k _ (Tsl B Tso)(Th%Te + Tu)ﬁzz’ (23)

TuTe"?é + (77;%7'@ + Tu)[7817713 + ’727'5207'37 + 72Ty — Too)*Te)

As implied by equation (22), belief polarization is driven by unconscious biases. It exists
only in the second trading session when echo chambers in the information percolation process
generate unconscious biases in the economy. The degree of polarization is controlled by the
polarization coefficient ¢, which depends on the private precision 75, at date 1. As I have
discussed in section 2.3 about simulations, 7y, is monotonically increasing in the information
percolation speed A. So, the belief polarization coefficient ¢y, is driven by investors’ meeting
intensity A. One knife-edged case is when d 4 = 6z and the two groups have the same average
bias. In this case, the population is biased, but there is no belief polarization in the economy
as the two groups are actually one.

Figure 5 shows how the impact of unconscious biases on belief polarization of the kth
asset, ¢, is affected by its risk exposure 7 and the information percolation speed \. First,
given A, the magnitude of ¢, increases with 7. It indicates that the unconscious bias’s
impact on polarization is amplified for assets more exposed to the fundamental risk. So,
investors are more polarized on assets with larger risk exposures to the economy.

Second, the polarization coefficient has a hump-shaped pattern, which is mathematically
proved in appendix A.3. The shape implies that the unconscious bias’s impact is ampli-
fied but then attenuated by the information percolation process. This is because private
information and market prices are two forces competing with each other when updating
beliefs. Individuals’ unconscious biases in private signals contribute to the divergence of av-
erage beliefs between the two groups. The more intensely investors communicate before they

trade, the more unconscious biases have spread within the echo chambers, reinforcing the
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Figure 5: Polarization coefficient with information percolation speed

This figure plots the polarization coefficient ¢, the unconscious bias’s impact on polarization
of the kth asset at date 1, as a function of A, the information percolation speed. The
parameters are set at the following values: v =1, 7, =7, =2,7. = 1,75, = 0.05.

polarization of beliefs. Thus the impact of unconscious biases increases with the information
percolation process, especially when the meeting intensity is low and investors rely more on
their private information.

On the other hand, the market prices become more informative to investors when the
meeting intensity increases. In the eyes of investors who are unconscious of their biases,
the market prices are more precise about the payoff when noticing everyone is talking about
the news. Investors thus put a larger weight on market prices when updating beliefs. Since
all investors condition their expectations about the payoff on the market price in the same
way, their beliefs gradually converge, and divergence starts to vanish when the information
percolation speed is very high. However, this does not mean unconscious biases disappear.
The market prices will not entirely eliminate the belief polarization driven by unconscious

biases.

Proposition 2. Market prices help dampen, through cannot fully eliminate, belief polariza-

tion.

Figure 6 further verifies the effect of market price on dampening polarization by plotting

the polarization coefficient when investors use or do not use market prices to update beliefs at
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Figure 6: Polarization coefficient with/without public market prices

This figure plots the polarization coefficient ¢, at date 1, as a function of A, for two cases.
The blud solid line represents the case where investors use market prices at date 1 to update
beliefs. The red dashed line represents the case where investors ignores the public market
information. The parameters are set at the following values: v =1, 7, = 7, = 2,75, =
0.05, 7. =1,m, = 1.

date 1. Comparing the two cases, it is clear that unconscious biases’ impacts on polarization
are smaller with P;; as an information source. Hence, public market prices help reduce
belief polarization. When information percolation intensity is extremely high, market prices
can almost eliminate polarization. Overall, the results in figure 6 emphasize the dampening

effect of market prices on polarization.

3.1 Polarization amplifies dispersion

In this section, I will discuss the relation between belief polarization and well-documented
belief dispersion. I use D, to denote the belief dispersion on the kth asset. Following the
common literature (Shalen, 1993; Banerjee, 2011; Atmaz and Basak, 2018), D, j, is calculated

as the cross-sectional variance in investors’ posterior expectations:
D), = Var [E[Dk]]—"g] — / ]E[Dk\]-'z]dz} (24)
0
In literature, belief dispersion is often determined by the noise in private signals. But
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in my model, belief dispersion is also affected by unconscious biases, through which polar-
ization enters belief dispersion. I have the following proposition about belief dispersion and

polarization:

Proposition 3. Belief dispersion after one period of communication can be decomposed as

1 1 1
D,y = §D1,k,A + §D1,k,B + ;lpfk (25)
where
D= Var[B[DFL i€ AL~ [ EIDUF (26)
icA
Dixp = Var {E[DH]—“{,Z € B] — / E[Dk|}_ﬂdi} (27)
icB

The decomposition shows that polarization is one component of belief dispersion. But
since belief polarization P; only exists when information percolates with echo chambers,
belief dispersion is affected by polarization only when there are echo chambers. When
information diffuses with echo chambers, I can write the belief dispersion in equation (24)
at date 1 as

Dy = Lijlrs + (1o, — 7o) v%m; (28)

So, Dy is enhanced by 12, the variance of unconscious biases. Thus belief dispersion in-
creases when unconscious bias becomes more volatile across investors. When information
percolates without echo chambers, the economy has no polarization, P; = 0 as there is no

bias, ¥ = 0. In this benchmark case, the belief dispersion is equal to:

I,k = Ll_,znk_QT& (29)

The amplification effect of polarization on belief dispersion is presented in figure 7. With
polarization, belief dispersion is always more significant than the case without polarization.
Also, the relation between belief polarization and information percolation speed is hump-
shaped. At the initial, investors rely more on private information to form expectations,
which leads to belief divergence because of noisy private signals. However, when information

percolation speeds up, and investors talk more frequently, investors’ private information tends
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Figure 7: Belief dispersion

This figure plots D, belief dispersion after one period of communication, as a function of
A, the meeting intensity. The parameters are set at the following values: v =1, 7, = 7, =
2, N = 1.

to converge, and thus dispersion starts to decline. When information percolation speed is
exceptionally high, the economy gets rid of belief dispersion in the case without polarization,
as shown in figure 7. But with polarization, belief dispersion will not be entirely eliminated by
information percolation. Polarization generated from echo chamber effects always amplifies

belief dispersion in the economy.

4 Asset Pricing Implications

4.1 Trading volume

The first asset pricing implication of my model is about trading volume. I will examine
how volumes of trade in the market are influenced by the transmission of unconscious biases
across the population. In equilibrium, the traded volume is the cross-sectional average,

across investors, of the absolute change in their positions over time. Therefore, the trading
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volume V; = (V11,...,V1.x)" at date 1 is given by
1 . .
V) = / 1x] — xg|di (30)
0
Substituting the equilibrium results of x! and x}, into (30), I have for the kth asset:

1

Vlyk = / |7(7—S1_780)7714_1611+’7(TS1_7_80>77k_151_’7[(7_81_780)77];2+/72(781_TSO)QTmnlc_4]77k5+X1,k|di
0

(31)

In the benchmark case, information transmits without echo chambers and there is no

unconscious bias in the economy. The corresponding trading volume is denoted by V; =

(Vila ttt iK)I:

1
Vik - / |7<7—31 - 7—30)77];1621 + Xl,kldl (32>
0

Proposition 4. The relationship among the trading volume of the kth asset, Vi1, Vi, is
given by
Vik > Vi (33)

The unconscious bias generates excess trading volume.

As shown in figure 8, when there is no unconscious bias (6 = 0)%, the market has no

9 With unconscious biases, the excess trading volume is generated

excess trading volume
and further enhanced with larger population bias . The unconscious bias results in excess
trading volume in the market as it (i) distorts investors asset allocations; (ii) leads investors
trade more aggressively. So, unconscious biases help explain the excess trading volume in
the market, especially the spike of trading volume during the period when the market is

polarized. In addition, from figure 8, the excess trading volume is decreasing in 7, the

magnitude of risk exposure. Investors trade more intensively on assets less exposed to the

8Here by saying no unconscious bias, I mean no echo chamber effects and thus no §° is generated. This
excludes the knife-edged case where the two groups’ biases cancel out

9To focus on the excess part generated from my model setup, I assume the benchmark I compare with
has included all situations that cause additional trades in the literature. For example, He and Wang (1995)
point out information flow is accompanied with large price changes and generate trading volume; Banerjee
and Kremer (2010) argue that trade volume spikes up when disagreement is large; Andrei (2015) shows
information-sharing among investors cause large trading volume
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Figure 8: Excess trading volume with risk exposure

This figure plots the kth asset’s excess trading volume with risk exposure 7 for different
values of population bias 6. The parameters are set at the following values: v = 1, 7, =
Te=2,Te=1,A=2,v=2.

fundamental risk as they have higher precision about those assets.

Figure 9 shows that the excess trading volume generated by the unconscious bias increases
with the information percolation speed. Since private precision 7y, is increasing in the meet-
ing intensity A, the result corresponds to the intuition that investors trade more aggressively
when they communicate more and thus feel they are better informed. Furthermore, the ex-
cess trading volume is amplified by higher bias volatility. When §° is more volatile, investors
are more heterogeneous regarding to their beliefs, which gives rise to excess trading.

Overall, this section shows that unconscious biases can generate “additional” excess trad-
ing volume in the economy and the only driven factor is information percolation with echo
chambers. This provide a new explanation for the massive volume in the market, especially

when beliefs are polarized.

4.2 Expected returns

The expected dollar returns of risky assets at date 1 are given by

E[R,] = /E[D|f;’]dz' — R;Py (34)

(2
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Figure 9: Excess trading volume with meeting intensity

This figure plots the kth asset’s excess trading volume with meeting intensity A for different
values of bias volatility v. The parameters are set at the following values: v =1, 7, =7, =
2,7 =1,m = 1.

Denote the expected return in the benchmark case where information percolates without

echo chambers by E*[R;], then I have the following proposition.

Proposition 5. The relationship between the expected return of the kth asset, E[R; x| and
E*[R1 ], is given by

E[Ry ] = E*[Ry k] — funkd (35)
where

72 (TS1 — TSO)QTI

o o) T T + 2T + 2 (T — Teo)?Ta

Ji (36)

From equation (35), when the economy is unconsciously negatively biased (6 < 0), I
have E[R; ;] > (<)E*[Ry ] for assets with n, > (<)0. So, with negative bias towards the
economy, investors require higher expected return to hold assets with positive risk exposures.
This pattern is verified in figure 10. When the unconscious bias has no aggregate effect
(6 = 0), expected returns are not affected by information percolation and echo chambers
(AE[R; ;] = 0). When § > 0, it has a positive(negative) impact on the price of assets
cyclical(countercyclical) with the economy, which leads to a lower(higher) expected return.

Moreover, the impact is amplified with the magnitude of population bias §. Hardouvelis
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Figure 10: Expected return with risk exposures

This figure plots the kth asset’s expected return change with its risk exposure 7, for different
values of bias volatility v. The parameters are set at the following values: v =1, 7, =7, =
2,7 =1,m = 1.

et al. (2022) argue that assets with larger polarization earn lower expected returns because
of short-sale constraint. In my model, assets that are more exposed to the economy faces
larger polarization as shown in section 3. But how expected returns are affected depends on
the sign of population bias § and asset risk exposure 7.

Figure 11 plots f; in equation (36) with A for different values of risk exposure. Clearly,
the impact of aggregate unconscious bias increases with the information percolation speed.
So, when investors meet and talk at a higher frequency, & affects assets’ expected returns
more. This is because market prices relies more on the unconscious bias when information
percolation speeds up and investors perceive higher precision. The price movements affect
expected returns. Also, figure 11 shows the impact is larger for assets less exposed to the
fundamental risk. The expected returns of assets with smaller risk exposure are affected

more when there are unconscious biases in the economy.
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Figure 11: Expected return with meeting intensity
This figure plots f, with meeting intensity A for different values of risk exposure 7. The
parameters are set at the following values: vy =1, 7, =7, =2,7. = 1.

5 An implication to political economy: The echo cham-
ber effect on investors’ rebalancing behaviors

This section applies to political economy my work on the social transmission of unconscious
bias. In this setup, unconscious bias is identified as partisanship bias. Specifically, I consider
an extension of my previous model to provide a theoretical basis for politically affiliated in-
vestors’ rebalancing behaviors after a surprising election result (Meeuwis et al., 2022; Cassidy
and Vorsatz, 2021).

WORK IN PROGRESS (COMING SOON)

6 Conclusion

The paper develops an equilibrium model that endogenously generates unconscious biases
through information percolation process with echo chambers. The framework nests both ra-
tional expectation and differences of opinions. Investors update their beliefs conditional on
private signals accumulated through word-of-mouth communication and public information

revealed by the market price. The paper’s results show that the information bias has an
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aggregate equilibrium impact on the asset price even if investors are unconscious of it. The
unconscious bias is not like a behavioral issue that disappears in aggregation. It indeed affects
the equilibrium, and it gives rise to belief polarization in the population. When investors
are unconscious of the biases in their signals, more communication is not always good. In-
stead, information sharing could worsen the situation because more exchange of information
amplifies belief polarization instead of speeding up social learning to reach a consensus. The
paper presents and discusses some asset pricing implications. The unconscious bias from
echo chamber effect leads to excess trading volume. It also affects the expected returns in

the financial market.
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A Appendix

A.1 Simulation Steps in Section 2.3:

My simulation involves two parts: the data generating process and information percolation process.
The data generating process simulates two groups of investors with normally distributed private
noise. The information percolation process determines the communication rules and compute the
unconscious bias.

e Step 1: The private noise 66 of N = 100,000 agents are randomly drawn from a normal
distribution with mean p = 0 and precision 75, = 0.01. Agents with a negative bias are
marked as group A. a positive noise are marked as group B

e Step 2: For each agent, simulate her meeting time from a Poisson distribution with intensity
A and store as (meeting time, agent). One agent may correspond to several meetings.

e Step 3: Determine the meeting sequences by sorting the meeting time from 0 to 1 and match
the adjacent agents to meet and communicate with each other. For example, suppose the
simulated meeting sequence is [(tg, agenty), (t1, agents), (t2, agents), (ts,agenty),...], then
meeting happens between agent 1 and agent 2, and between agent 3 and agent 4. So, agent
1 first communicate with agent 2 and then communicate with agent 3. (One may notice that
when simulated meeting time is odd, there is one agent who cannot be matched with another
agent. In this case, I ignore the last meeting which is not a problem considering the large
number of agents simulated.)

e Step 4: Determine the exchange of information according to the meeting sequences. Agents
from group A only accept private signals with € < 84 while agents from group B only accept
private signals with €f, > Bg. Otherwise, agents stay with the signals they possess before the
meeting. After each meeting, I update agents’ private noise as the average noises they have
accumulated.

To calculate unconscious bias of each agent and the average bias of each group, we need a
benchmark case. Set S4 and g as 10,000 to have agents accepting any information they receive
during the meeting. Store the agents’ private noise in the benchmark case. Then we can adjust
parameters (A, B4, Ag) in the polarization case. The difference between the updated private noise
after all meetings for each agent in the benchmark case and the polarization case is her unconscious
bias. Taking the average over all agents I have the population bias and similarly I have the average
bias over each group.

A.2 Proof of Theorem 1:

Investor ¢ conjectures the market price of the kth asset as a linear function of the fundamental
value and its aggregate supply:

Py = aok Dy, + boox Xo.x = Po i (A1)

and '
Pp = a1 D + broeXok + b1 X1k (A.2)

while the true market prices at ¢ = 1 are given by

P1j; = a1, Dy + aggnid + brosXok + br1xX1k (A.3)
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Define the normalized price at date 0 as

Qo = ag;, P = Dy, + ag; boowXo.k (A.4)
Then
Py}, = a1 Dy, + biowbygy,aon(Qox — Di) + b11sX1, (A5)
= (a1x — biokbogaok) Dk + brorbogyaokQo.k + b11kX1k
while
Py = (a1, — biokbygy,aok) Di + a2knid + brorbyo,@okQok + b115X1 (A.6)
Therefore, the normalized price perceived by investors at date 1 is given by
Q' x = (a1 — biokbygpaok) " (Pl — biowbograorQo k) (A7)
= Dy, + (a1r, — browbggpaor) b11kX1k
while the true normalized price is
Q1,k = Dy + (a1 — borbpgp.aor) ~ azknkd + (ak — biowbygraok)  br1x X1k (A.8)
Each investor ¢ conjectures that
Qbx = D =77y ni Xk (A.9)
and .
Qzl,k: =Dy — ’7_1(7—51 - Tso)_lniXLk (A.lO)

Date 1: Investor i’s optimal position xllk is given by the standard result from the CARA utility:

a:li,k = yVar [ Dy|F{|(E[Dg|Fi] — Ry PLg) (A.11)

Each investor ¢ learns about Dy from Qo, Q1x, Sy, and newly accumulated average signals Sik
following the projection theorem, which states if

(9)~~10m) (S 5) a1

E[f]s] = po + Tos ¥ (s — ps) (A.13)
Var[f|s] = Lgp — XpsXss Beo (A.14)

then

Thus the learning results are given by

Ly = Var '[Dy|Fi] = Hy, + 1,1, 2 + V21200 170 + 92 (7s, — 7o0) 01 T (A.15)

S0

uzlk = E[Di|F{] = Lillg[TSon];2‘S’6,k + (75, — 730)77;;25%,1@ + 72752077/;47%@6,1@ A Tso)2771;47:r@li,k]

(A.16)
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The market-clearing condition is given by
/ Hfll’kdi = ")// Varfl[Dk]H](]E[DH}"ﬂ — RfPLk)di
0 0

1

= ’V/ Lyg(uip — RyePry)di

0
That is X
Xop + Xk = ’YLLk/ Uﬁkdz — RyyLy p P
0
Thus 1
Py =R} / uidi — Ry Ly Xok — Ry 'y L Xk
0

Plugging Li; and uilk, we have

2

Py = RV Ly 7o,y 2 Di + (Tsy — 7o) 20 + V2o e Qb ge + 77 (Tsy — 7o)y, T2 Q1 4]

— Ry UL Xok — Ry T L Xk

Substituting the conjecture about Qg and (1, we have

Py = BRIy ra i+ 2 m e + 77 (Tey — 7o) M), 7] Di

S0

+ RL (e, — 7o) 0 7 (Tay — Too) P e (ank — browbygraok)  agk]mid

- R;l'y_lLi}C(l + 2750y 2 T) Xo gk — R;lﬁy_lLl_}C[l + 7 (Tsr = Too )M 2T2) X1k

Therefore,
ar, = Ry Ly (Ly g — Hy)
biok = =R 'y LT (14 7 7o mamy, )
buy, = =Ry L L+ 72 (s, — 7o) 7wy 7]
Let’s verify the coefficient of X in @1, given aaklbgok = —7_17'3;)177,;2,

(a1k — biokbogy,aok) b1k
= (awk + Y7soMy “brok) 11k
k
= [R; 'Ly (Lak — Hi) + ¥7somy, “0r0k] 11k
= - 7_1(7—81 - 7-80)_1771%

which verifies the conjecture in period 1. Also,
RleLl_,llc[(T& - Tso)nk_Z + ’)/2(7'31 — Tso)QTmn;4(a1k — blOkbaolkaﬂk)_lan]
=R (T — Too)y -+ Ry Ly (T — 7o)y Ta(aas, — browbgopaor) ™ azk
= a2k

Then,
agk = RJTlLl_ch(T& - Tso)nk_Q[l + 72(7—81 - 7—80)771:27—95]
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(A.20)
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(A.23)
(A.24)

(A.25)

(A.26)

(A.27)



Therefore,

Py = RflLillg(Ll,k — Hyp)Dy, + RflLillg[(T& - 7'80)77];2 + 72(7'31 - 7'50)2771;47'1]77165

I B P _ (A.28)
—R; WL + Y2 sy A7) Xog — R; Ly 1LL,1€[1 + Y (Tsy = Too )M 2] X1k
Date 0: investor i’s maximization problem is given by
1 e
max E [—G_VWQ} (A.29)
X
subject to ' ' _ '
Wy = WiR} + Ryx{/(P1 — RPg) + x| (D — R/P1) (A.30)
The maximization problem is equivalent to
maxE [_6—%WéR?—&—%R;ngo—%fogPl—%x’i’D—i—%fo’i’Pl} (A.31)
X}

Investor i learns about (D, P/, x¥)" with Gaussian updating under 7§ = {Qj, S{} and her con-
jecture. Since Dy, P j, and a:’lk) only exist in Qé’k and Sé’k, investors learn (Dk,Pl,k,xik)/ with
{Qé’k, 5’67,{}. Based on the equilibrium in period 1, I can write

Dy, [ 1 0 0 0 0
Pl . Ll,k‘_Hk N 1+72750n,;2‘rz _ 1+’YZ(T.51 _7—50)77];27-1 O 0 XO,]C
ml.’ - RyLq D RyyLy g RgyLy Ly _2 X1k
%,k = 0 Kt 1 1 YTsoy, Y(Tsy — Tso)nk T]keé
Qo,k 1 —y g tn? 0 0 0 M€’
S '
ok d |1 i 0 0 1 0 A
(A.32)
I will use projection theorem with 6 = (Dy, Py, :L‘Zlk)’ and s = {Qo x, Sé’k} = ]-'8'7,{. Here I have,
;! R;NH ' = Liy) o
—1 —1 -1 (247275, 7y, “Ta)
Sep = | Ry (Hg' = Lig) Y ~ T Ranli (A.33)
[2+ 27—3 _27—.1} — —

where
Y= R;2L;’]1€{(L1’k N Hk)lel(Ll’k o Hk) + 7_2(1 + 727-3077];27'x)27-;1 + 7_2[1 + 72(7'51 - Tso)nI;ZTx]QTx_l}Lillc
(Ll’k — Hk)ZHk:_l (1 + 7278077]@_2722)2 + [1 + 72(7'31 - 7'30)77]@_27'r]2

N R%Lik R?c’YQTxL%,k
(A.34)
and
_ _9 _ _ _ —1
sl _ [Hk STt HY
ss H]; H’: + 7'8_0 U N
2,2, —4 L—l H -2 2.3, -6 L_l ( 35)
— Vs T O,k( k 7+ sy, ) YV TsoMy Tade i
73, O e Lo Teolly Lo (Hi + 7272 my )
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and

H-1 H-1
11 P e 1o 1 1y -1
Yps = Rf H, —}—Rf Ll,lﬂ Tao Mo Rf (H, _Ll,kz) (A.36)
=T T gl

where I define Loy = Var ! [Dy|F] = Hy + 75,15, + 72752077;47,,3. Applying projection theorem,
after tedious computation, I have

E[Dk|fé] = R;1727—320n1§747—x[/(;7]1§@0,k + Rjleson];QL[illgSé,k = Mmp, (A37)
and

B[P = Ry (VP72 7Lk + mooni 2L14) Qo + By et (Lgh — Lik) Shi = m,

(A.38)
and . ‘ '
Elz} | F5] = =Ry 7y Qo + Ry sy 26 = i (A.39)
Lemma 1. For a random vector z ~ N(0,%),
E [ezTFz+GTz+J] — | - 2%F — 303G I-25F)'2G+J (A.40)
With (A.37-A.39), I have the demeaned vector of (zp, , ZPl,k”ZJ:Zi’k),:
zp, = Dy —mp,, zp, =P —mp,, Zyi = lek — My (A.41)

The demeaned vector is normally distributed with mean 03 and covariance matrix ¥ given by

Y = Var[d|s] =
—1 —1/7-1 -1
1 L(l),k X o ll?f (LO,,§ —gl,k) ) L 0 )
Ry'(Log—Lig) Bp*(Lop —Lyp) + B Lyj(meon ™+ ) =Ry Ly (™ 071
0 —Ry Ly (0Tsm ~ + vt o+ 727507],;2

(A.42)

') is normally distributed with mean O3z and covariance

Then the demeaned vector of (zp, 2p, L

matrix ¥ where zp = (2p,, ..., 2Dk ), 2P = (2P15- -5 2P ) and 2,0 = (Zmi,ﬂ . "Zﬂi,x)'
Yo Xp Og
Y= E’b Ye 24 (A.43)
0x X, X
Yo = diag(X111,...,XK11), Where Ykij represents the element at the ith row and jth column

in Ek, (A.42). Similarly, I have Zb = diag(zllg, cee ,2[(12), Ec = diag(zmg, ey 2[{22), Ed =
dz’ag(Elgg, ey EK23) and Ee = diag(zlgg, ey ZK33).
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The quadratic function in the exponent in (A.31) can be written as

f(ZD7 ZP15 Zx’i)
= — 7 Uz + M) (20 +mp) + Rpy (2 — mya) (zpy +mp,)

— Rf'yfl)(:g(ZP1 +mp,) + R?xyflxéTPo — Rff’)ﬁlWé

On Oy —oIn 2D
R
= [sboob, 2] | On R
1 f i
“ny v Ov & (A.44)
F
<D
|yl Ry mly = x8), T (Rymb, —mip)] | 2,
i
GT !
_ —lm/ m _|_R —lm/ m - R —lxi/m +R2 —lxi/P _R2 —lwi
v xi D il xi TPy Y Xomp, 7 Xorto il 0
J
where mp = (mp,,...,mp,),mp, = (mp,,...,mp,) and Myi = (mmé,...,mx%)’. By applying

the Lemma 1 to the expected utility (A.29), I have the optimal demand x} given by the first order
condition:

(3G (Isny — 23XF) 122G +7J)
8x6

= Onn1 (A.45)

Substituting F, G and J into the first order condition, after some computations, I have

! Tpdt Ly yron 2 R R?
T T (Rymp, ,—mp,)——Lmp, +—L Py =0
YLok 14327, T +V21eLig 1+ 7275y, T + V2T L ’ v Ty
(A.46)
Taking aggregations on both side and applying the market-clearing condition, I have
1
<7L0k 14927 _;y:x—k 27, L )XO
| T e (A.47)
. 1+ y27sm "7 .
=R /m di — R3Py — k /Rm —mp, )di
g T e J (TR T
Plugging into mp, , and mp,, I have
Pog = R;?Ly (Log — Hi) Dy — Ry Lo p (14 7750 mamip) Xo g (A.48)
Thus the normalize price at date 0 is given by
Qok = R}Lok(Lox — Hi) ™" Po (A.49)
Therefore
Pox = Ry Lo (Log — Hi) Qo = Ry Loy lmagny® + 7 my 2] Qo (A.50)
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Substituting P j into the FOC for xf) 1-» we have the optimal demand vector in period 0 as

T = VTsoMy (o — R7Qok)

= YTso g, - (S0, + 7 TsoTly 2T R7 Qo g — ¥ Tso My TR} Qok — RFQok)

= Y(TeoMy 2Shx + V1o e R3Qo k) — V(T 2+ VP TE ) RFQo g

= (e, 286 + Ry oy, 12 Qok) — REV(Hy + Tagmy, > + ¥ 7oy, 272 Po g
= yVar ™ [Dy| FoJE[Dy|Fg| — ~yVar™! [Dy| F§| R} Po i

= yVar ! [Dy| F)(E[Dy|F] — R3Py )

(A51)

This verifies the optimal demand vector Xf) in period 0 has the same form as x} in period 1 except
for the time subscript. The proof can be extended to general case of T period. Therefore, the
optimal demand vector of investor ¢ in period ¢ is not affected by future trading opportunities and
information.

A.3 Proof of Proposition 1:
Plugging E[Dy|F] into the definition of belief polarization, I have

Py = /EBE[Dk\fﬂ - / E[Dy|Fi

ieA
:(53 - 5A)(7—81 - Tso)nk_lLl_’}i

=(08 — 0.) (7, = o) [Hi + 1 Ty + V700 7o+ (7 — 7o) ' (A52)
(05 — 6.4) (Ts1 = Tso) (MTe + 7)1}

TuTe??% + (7},%7'@ + 7)) [Tsy 7713 + 727'3207'50 + 72 (751 — TSO)ZTSL‘]

E¢k (TSI )

Define ¢y (75, ) as the polarization coefficient for the kth asset. I am interested in how it varies with
information precision g, .
Taking the first derivative with respect to 7g,:

dor(Ts,) (77127% + Tu)nlz{TuTenl% + Tso (771%7'6 + Tu)nz + (771%7'6 + Tu)')’szQOTa: — (75, — 7'80)2(771%7'6 + Tu)’7’27'z}

drs, {TuTeU]% + (77;%7'@ + Tu)[Tsmﬁ + 7275207':70 + ')’2(7'81 - 7—80)27—90]}2
(A.53)
Therefore, for assets with 7 > 0, dd)c’;T(TSl) > (<)o if
S1
4 2 2 2.2
+ (2T + +
o S ()7 o | TR O P+ ) (A54)
Y Ta:(77/<;7'e + Tu)

So, |k (7s,)| is hump-shaped with 75,, which validates the pattern in figure 5. It increases with

2

4 2 2 2
TuTeNr+(M2Te+7u) (Tsg N2 +V272 72) .
Ts, when 74, € <Tso,Tso + \/ S 52;(%76;0%'; %0 * and decreases with 75, when 75, €

_— TuTep+(M Te+7u) (Tsg Mp+7272 T2) +oo
S0 '}’27'1 (77]%7—64’7—114) ) ’
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A.4 Proof of Proposition 2:

Suppose now investors do not use market price P; j to update beliefs about the kth asset. Denote
investor i’s posterior precision and expectation at date 1 by L{, and u{",. Then,

LS, = Hy + 0 °Te, + 7o, ' T (A.55)

and

ufy, = Ly Tl 280, + (Tor = Tso) e 21 + ¥ T T2 Qo k) (A.56)

Thus the belief polarization P{ without market price information at date 1 is given by

Py = / WS i — / i di
ieB iced
2

= (SB - SA)(7-81 - TSo)nlzl[Hk + 77];27-51 + 727-30771;47':v + 72(7'51 - 750)277];47}]71

_ (SB _ SA) (Tsy — TSO)(TI;%Te + TU)W}Z
TuTen;% + (77;%7'@ + 7u) (Tsy 771% + 727'5207':1:)

(A.57)

E¢Z (7—31 )

Comparing ¢° with ¢ we can see, given 1y, |¢| < |¢f|. The belief polarization coefficient has larger
absolute value when investors do not use public market prices. That is, the unconscious biases have
larger impacts on belief polarization when investors ignore the market information P; ;. So, market
prices help dampen the polarization in the market. But market prices do not fully eliminate belief
polarization as Py exists as long as there are unconscious biases and o # 04.

A.5 Proof of Proposition 3:

The belief dispersion on the kth asset across investors is given by

1 .
Dy, = Var [E[Dk\}'ﬂ —/ IE[DH]—'{]dj]
0

_E { [E[Dk‘}"ﬂ - /OIE[DM{]@T} - {E {E[Dk}-ﬂ - /011[—3 | DulF] dy}}

5 (A.58)

Since

E[E[Dk|]-'ﬂ—/olE[Dk\fﬂ dj] :/OlE[Dk]]f"f]dz‘—/OlIE{Dk\fﬂ dj =0 (A.59)
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I have

Dy =E { [E[DHH] - /OlE[Dka]djr}

=E {EQ[DkI}"ﬂ — 2E[Dy| F] /01 E[Dy|F{]dj + (/OlE[DkI}—f]dj> }

(A.60)
1 . 1 . 2 1 , 2
- [ e -2 ([ souFa) + ([ souEs)
0 0 0
~ [ eurai- ([ EpdA)
0 0
Similarly, the belief dispersion across group A and group B is given by
Dras=Var [EIDUF i€ A~ [ (DA
jed ; (A.61)
_ / E2[Dy | Fi]di (/ E[Dk|f{]d¢>
€A €A
and
Dy gy = Var [E[DH]-—%,Z' € B] —/ IE[DH]-’{}dj}
ieb (A.62)

- [ modra- ( [ EBE[Dufﬂdi)z

Note that D; 4 is measured over group A, so the probability measure when doing the integration
is different from the probability measure of Dy j.
Belief dispersion Dj j can be written as

1 | - 1 1 o \?
D=2 / E2(Dy| Fildi + / E2[Dk|fi]dy—< / E[Dy|Fildi + 2 / E[Dklfﬂdz>
2 Jiea 2 Jien 2 Jiea 2 Jien

1 . 1 S \? 1 4 1 N2
_ / E2[Dy | Fildi — (/ E[Dk|]-"{]di> + / E2[Dy | Fildi — ~ (/ E[Dk]f“{]dz‘)
2 Jica 4\ Jica 2 Jien 4 \ Jien
1 . .
— / E[Dk’]:ﬂdz X / E[Dk‘}-ﬂdl
2 Jiea icB

1 (/iEA]E[Dk]-"ﬂdi>2 + (/iEBIE[DMFf]di)z - Q/iEA]E[DkJ-"ﬂdi /ieBE[Dk\}"ﬂdi]

1 1
- =D D zZ
5 PLAK + 5 1Bk + 1

1 1 1 o 17
LIS P [/ B(DFdi - | E[Dk\fﬂdz]
2 2 4 €A icB

1 1

2D1Ak+2plBk+ Plk

(A.63)
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A.6 Proof of Proposition 4:
The trading volume for the kth asset in period 1 is given by
1 . .
Vi = / |27 & — 20 k| di (A.64)
0
Since I have proved for t = 0,1

vip =y Var~" [DulF] (EIDi|F]) - By Po)

. (A.65)
= yLiputy, — vRY 'Ly P
Substituting Ly, uik and P, I have
Tk = VTsoMy € + Xoy (A.66)
and
Tk = Vsl €0V (Tor = Tso )y €1 + Xog + Xk ] A67)

(7o = oo )y, 10" = ATy — T )1 % 2P (g — 7o) Ty, Tk
Define Al’zi’k = lek — x&,w then
Az e = (7o =Teo )0 LY (T =g g, 18" = [T =T 0 72 (71 =70 ) 2Ty, Td+ X1 (A68)
Amﬁ’k is normally distributed with
E[Axik} =p= —73(731 — 730)27177,;35 (A.69)

and
Var[Axik] == 7-:;1 + 72(7'51 — 750)277,;27'5;1 + ’72(731 - 750)27],;21/2 (A.70)

Thus, |Az} .| follows folded normal distribution and its mean fol |Az? | is given by

et i 2e ()] (A7)

where ®(-) is the normal cumulative distribution function.
In the benchmark case, there is no echo chamber, 6 = 0 and v = 0. The trading volume of kth
asset in period 1 in the benchmark case is:

* 2 . — — _
Vie= \/;h, with h =7, Ly 72(751 — 7'50)277k 27511 (A.72)

In the polarization case, the trading volume is affected the unconscious bias generated from the

40



information percolation process with echo chambers. I have

76(7'81 - 7'80)47'93771;632
[h + 72(7'51 - TSO)QUIZQVQ]

2 _
Vl,k‘ = \/71' [h + 72(751 - Tso)an 27/2] €xXp {_ 9

e (A.73)
73(781 - TSO)QTmnk )

— ’73(731 — TSO)ZTxnk_?’S 1-2® -
\/h + 72 (T = 7o) V°

which is increasing in »2. Since when v? = 0, Vi1 = \/%h, I have,

/2

Therefore, unconscious biases generate excess trading volume in the economy.

A.7 Proof of Proposition 5:
Substituting E[Dy|F}] and P, into E[R; x], I have

1
E[R ;] = / E[Dy|Fildi — Ry Py,
0

= ry_lLillg(Xoyk + Xik) — Li,lgfy2(7'81 — T )2 Tumy 20
72(751 - Tso)QTmn}g_3

(mpra '+ 7 )t e 220 e+ 2 (T, — Teo) Py e

= E*[Riz] — 5 (A.T5)

2 2
o V(T = Too)“Ta 5
=K [Rl,k] T o1 —2_—1\_1 2 2.2 2 _ 2 77k5
77k(7u + 1, " Te ) TN Ts1 TV T5, T + (Tsl 7—80) Tx

=E*[R1x] — frmid

where E*[R; 1] is the expected return of the kth asset when there is no echo chamber and unconscious
bias in the benchmark case. fj is positive.

(1) Given f, when ;0 < 0, E[Ry ] > E[R; x]*, investors require high expected returns for the
kth asset. m;0 < 0 include two cases: (i) the asset is positively related to the fundamental risk
(nr > 0) when the population is negatively biased (§ < 0); (ii) the asset is negatively related to
the fundamental risk (n; < 0) when the population is positively biased (6 > 0). We have opposite
reasoning when 7,0 > 0.

(2) fx is influenced by the information percolation speed. When information percolates at a
higher speed, 75, T, fr > 0 |. But to analyze how communication intensity affects expected returns,
I need to fix the sign of 7. Given 7,8 < 0 and E[Ry x| > E[R; 4]*, with information percolation
speeding up, the discrepancy between E[R; ;] and E[R; ;]* widens, investors ask for even higher
expected returns in the polarization case. In contrast, if n6 > 0 and E[Ry k] < E[R;]*, then
when communicating at a higher intensity, the discrepancy between E[R; ;] and E[R; ;]* narrows,
investors increase the expected returns though the expected returns are lower than in the benchmark
case without unconscious biases.
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