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Abstract
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efficiency. With the increased market efficiency, investors choose to acquire more private in-
formation about noise trading and less private information about asset fundamentals. When
the network connectedness is high, the spread of demand information lowers investors’ incen-
tives to produce demand information, which decreases market efficiency. Our results suggest
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impacts on market efficiency and the quality of quantitative strategies posted on these plat-
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1 Introduction

Empirical literature has shown that information sharing between investors can have sig-
nificant impacts on their trading behavior and asset prices (see, e.g., [Shiller and Pound
(1989), [Hong et al.| (2005), and Ivkovi¢ and Weisbenner| (2007)). Extant theoretical models
have also revealed many channels through which the spread of information affects financial
markets. (Ozsoylev and Walden| (2011) show that a higher intensity of information sharing
increases information driven price volatility, but has a non-monotonic impact on liquidity
driven price volatility. [Han and Yang| (2013)) find that more communication between in-
vestors can reduce market efficiency by decreasing their incentives to produce information.
Walden| (2019)) shows that the centrality of social networks can affect investors’ profitability
and price volatility. Han et al.| (2022) demonstrate that active trading strategies can prevail
because they are more likely to generate extremely high returns and be shared with others
by investors, compared with passive trading strategies.

A limitation of existing social network models of financial markets is that mostly they
only consider the spread of fundamental information, i.e., the information about the value of
stocks. However, non-fundamental information, e.g., information on market sentiment, ran-
dom asset supplies, or liquidity traders’ order flows, can also affect investors’ trading behavior
and asset prices (Ganguli and Yang| (2009); Farboodi and Veldkamp] (2020))). Therefore, the
following question naturally arises: What are the impacts of social networks on financial
markets when non-fundamental information can also be shared among investors? In this
paper, we examine this question with a rational expectations equilibrium model in which
investors can share with others information on both asset fundamentals and noise (liquidity)
traders’ order flows.

Our work builds on the literature on social networks in financial markets (e.g., [Han and
Yang| (2013) and |Ozsoylev and Walden! (2011)) and information about noisy demands for
(or supplies of) risky assets (e.g., Ganguli and Yang| (2009) and Farboodi and Veldkamp
(2020)). Two features of our model differ our work from others. First, investors’ information
choices in our model are more flexible. At the beginning of a period, an investor can choose
whether to become an informed investor by paying a fixed cost to acquire a data processing
technology (see, e.g., |Grossman and Stiglitz (1980) and Benhabib et al| (2019)). After

becoming informed, the investor can decide how to allocate the data processing capacity to



fundamental analysis (i.e., analyzing fundamental information) and demand analysis (i.e.,
analyzing information about noise traders’ demand), as in Farboodi and Veldkamp]| (2020).
Although these two kinds of information choice problems have been extensively studied
separately by existing papers, few have analyzed both of them simultaneously in a unified
framework. Second, in our model, an informed investor shares with other investors in the
same group the information about both an asset’s fundamentals and noise traders’ demands
for the asset. As has been mentioned, allowing for the spread of non-fundamental information
differs our model from others in which only fundamental information is shared.

Our analysis starts from a benchmark case in which both the proportion of informed
investors and the informed investors’ allocation of their data processing capacity are ex-
ogenous. In this situation, the price informativeness of a risky asset is increasing in the
network connectedness (i.e., the intensity of social communication, measured by the number
of other investors each informed investor can share his/her information with)[f] This result
is consistent with those in |Ozsoylev and Walden| (2011) and Han and Yang| (2013)). When
the network connectedness increases, every investor becomes more informed and trade more
aggressively, so more information is incorporated into the asset price through their trading.
Notably, we find that even if the informed investors only share the order flow (demand)
information with others, the asset price still reflects more fundamental information when
the network connectedness increases. The reason is that, since the asset price is driven by
both the fundamental information and the noise traders’ order flow, knowing about the noise
traders’ order flow helps investors to filter out the noise contained in the asset price and learn
about the fundamentals. When the investors can receive more order flow information from
others, they can better filter out the noise contained in the asset price and better predict
the future value of the asset. Therefore, they will trade more aggressively and thus inject
more fundamental information into the asset price.

Our result in the benchmark case can be applied to predict the short-run impact of the
spread of quantitative trading strategies on financial market efficiency. In reality, quantitative
trading strategies (e.g., statistical arbitrage) largely profit from mispricing. In our model,
the noise traders’ trading creates mispricing. Learning about noise traders’ order flow helps

rational investors to profit from mispricing by trading against noise traders. As in [Farboodi

'Specifically, the price informativeness measures the amount of fundamental information that is reflected
by the asset price.



and Veldkamp| (2020)), it is reasonable to interpret the investors’ trading based on order
flow information as “quantitative trading”. Therefore, in our model, the spread of order
flow information resembles the spread of quantitative trading strategies in reality. Recently,
many online quantitative trading platforms (e.g., QUANTCONNECTEI and JoinQuamﬂ)
are developed. These platforms facilitate the spread of quantitative trading strategies by
allowing investors to share their own strategies with others. Based on the result of our
benchmark model (in which information is exogenous and only order flow information can
be shared), one can predict that, in the short run, the development of such online quantitative
trading platforms (i.e., more users sign up for the platforms) allows more investors to adopt
quantitative strategies (e.g., statistical arbitrage) and profit from mispricing, accelerating
the elimination of mispricing and improving market efficiency.

We then investigate the impacts of network connectedness when the allocation of data
processing capacity is optimally determined by the informed investors but the proportion
of informed investors is still exogenously given. We find that when the informed investors’
information choices are endogenous, the price informativeness still increases in the network
connectedness. Han and Yang (2013)) argue that when information is endogenous, market
efficiency decreases in network connectedness. However, our result indicates that endogenous
information does not necessarily lead to the negative impact of network connectedness on
market efficiency when multiple dimensions of information can be shared. An increase in
network connectedness makes every investor more informed, increasing the price informa-
tiveness through the investors’ trading. The increased price informativeness allows investors
to extract more fundamental information from the price, lowering the informed investors’
fundamental analysis (i.e., private learning about the asset’s fundamentals). The decreased
fundamental analysis does not lead to a lower price informativeness, because more data pro-
cessing capacity can be used to analyze order flow information. With the spread of more
precise information about noise traders’ order flow, every investor can better trade against
the noise traders, further eliminating mispricing and improving price informativeness. We
also find that, even if informed investors only share their order flow information with others,
the price informativeness and the quality of order flow information are increasing in network

connectedness. This result implies that, when the number of strategy developers is fixed,
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the spread of quantitative trading strategies not only increases market efficiency, but also
encourages developers to improve the quality of their quantitative trading strategies.

When both the proportion of informed investors and the informed investors’ informa-
tion choice are endogenous, the impact of network connectedness on price informativeness
is non-monotonic. When the network connectedness is low, investors cannot receive enough
information from others. Therefore, it is optimal for every investor to become informed
(i.e., have access to a data processing technology) by paying a cost. In this situation, the
equilibrium proportion of informed investors is endogenously fixed, so the price informa-
tiveness and the demand analysis (the fundamental analysis) are increasing (is decreasing)
in the network connectedness, similar to the situation when the proportion of informed in-
vestors is exogenously given. When the network connectedness is sufficiently high, investors
can receive enough information from others. Therefore, a further increase in the network
connectedness reduces investors’ incentives to become informed, decreasing the equilibrium
proportion of informed investors and thus the equilibrium price informativeness. This is sim-
ilar to the situation in Han and Yang| (2013). The decreased price informativeness renders
the informed investors to analyze more fundamental information and less order flow infor-
mation. In summary, when the information is fully endogenous (i.e., both the proportion
of informed investors and the informed investors’ information choice are endogenous), the
price informativeness and the demand analysis (the fundamental analysis) are hump-shaped
(is V-shaped) in the network connectedness.

The non-monotonic effects of network connectedness still exist even if only the order
flow information is shared. Therefore, our model with endogenous proportion of informed
investors can be used to predict the long run impacts of the development of online quantita-
tive trading platforms. Note that in the long run, both the proportion of developers and the
quality of strategies can vary. In the early stages of the development of quantitative trading
platforms, with more strategy developers and users joining the platforms, more investors
can adopt quantitative trading strategies (e.g., statistical arbitrage) to trade in the opposite
direction of mispricing, so the market efficiency increases. The increased market efficiency
then induces developers to develop quantitative strategies with higher quality. The market
efficiency reaches the highest level with an intermediate level of platform development. As
the sizes of platforms continue to grow, some developers lose their incentives to develop

their own quantitative strategies because they can easily use a lot of strategies by others.



Therefore, the proportion of developers in the population decreases, reducing the market
efficiency. The decreased market efficiency further reduces the quality of the quantitative
strategies developed by the remaining developers.

Our model also shows that a future increase in network connectedness can create “future
information risk”, a concept proposed by [Farboodi and Veldkamp]| (2020)). If an increase in
the next period’s network connectedness increases the next period’s price informativeness, it
makes the next period’s price more sensitive to the next period’s information that is unknown
by the current period’s investors, increasing the current period’s investors’ perceived risk of
the asset’s resale price. Therefore, the current period’s investors perceive a higher payoft
risk and trade less aggressively, reducing the current period’s price informativeness.

Related Literature. Our paper is closely related to the literature on the impacts of social
networks on investor behavior and financial markets (Ozsoylev and Walden| (2011)); [Han and
Yang| (2013)); Walden| (2019); Hirshleifer| (2020); Han et al.| (2022)). As has been mentioned,
previous works mainly consider the spread of fundamental information (i.e., information
that is directly related to asset payoffs). However, the information about noise traders’ as-
set demands (or random supplies of assets), which is not directly related to asset payoffs,
also have crucial impacts on investor behavior and financial markets. |Ganguli and Yang
(2009) demonstrate that investors’ learning about the supply of an asset can generate mul-
tiple equilibria in a financial market, resulting in excess volatility and crashes. [Farboodi
and Veldkamp| (2020)) show that switching from fundamental analysis (i.e., learning about
fundamental information) to demand analysis (i.e., learning about noise traders’ demand)
can increase price informativeness. Marmora and Rytchkov| (2018) find that the informa-
tiveness of an asset’s price can reach its maximum level when most investors learn about
non-fundamental information. We contribute to this strand of literature by showing how the
spread of non-fundamental information affects investor behavior and financial markets.

Our paper is also broadly related to the literature on the information acquisition and
aggregation in financial markets pioneered by Grossman and Stiglitz| (1980|) and |Verrecchi-
a (1982). Grossman and Stiglitz (1980) study a model in which each investor can decide
whether to acquire fundamental information by paying a fixed cost. [Verrecchia| (1982) s-
tudy a model in which each investor can decide the precision of their private fundamental
information whose cost is continuous, convex, and increasing in the precision. Farboodi and

Veldkamp| (2020) develop a model in which each investor can continuously decide his/her



fundamental information precision and non-fundamental information precision under a data
capacity constraint. Many recent papers investigate the determinants of information acqui-
sition and aggregation, such as, transaction cost (Davila and Parlatore| (2021)), commodity
financialization (Goldstein and Yang| (2022)), government intervention (Brunnermeier et al.
(2022)), public disclosure (Goldstein and Yang| (2019); Benhabib et al. (2019)), and so on.
We contribute to this strand of literature by incorporating the two kinds of information ac-
quisition decisions (i.e., the kind in |Grossman and Stiglitz (1980) and the kind in [Farboodi
and Veldkamp| (2020))) into a unified framework and analyze how they are simultaneously
affected by social networks in equilibrium.

Our paper is organized as follows. Section [2] presents the model. Section |3| analyzes
the financial market equilibrium with exogenous information. Section |4] endogenizes the
informed investors’ information choice. Section |5| further endogenizes the proportion of

informed investors. Section [6] concludes.

2 The model

In this section, we develop a model in which each informed investor can share his/her
private information on noise traders’ order flow for a firm’s security (e.g., stock) and on
the firm’s fundamentals with other investors in his/her group. Our model can be regarded
as an extension of [Han and Yang (2013 to a setting in which order flow or asset supply
information (see, e.g., Ganguli and Yang (2009) and Farboodi and Veldkamp, (2020)) is
shared. Compared with social network financial market models in which only fundamental
information is shared (see, e.g., (Ozsoylev and Walden| (2011)), Han and Yang| (2013)), and
Walden! (2019)), the addition of the sharing of order flow information makes our model more

general and more realistic, and can provide richer economic insights.

2.1 Financial assets

There is a risky asset traded in a financial market. At the end of period ¢, each unit of

the risky asset pays a dividend d;,; that follows

dip1 —dy = (1 — Gg)(pa — di) + v, (1)



where Gy € [0,1), g > 0, and vi; ~ N(0,7,'). The (endogenous) risky asset price at the
beginning of period ¢ is denoted by p;, and the per capita net supply of the risky asset is s.

There is also a risk-free asset whose (exogenous) gross rate of return is r > 1.

2.2 Social networks and information

In each period t, Gy > 0 groups of rational investors enter the financial market. Each
group contains NV; > 0 investors, u;V; of which are informed, and (1 — p;)N; of which
are uninformed, where p; € [0,1]. There are also noise traders whose per capita demand

for the risky asset is ny; ~ N(0,7,'). If investor ¢ in group ¢ is informed, then the
fgt’

ey ~ N(0,(7,)""), and a private signal about the asset payoff, ziy = vip1 + €lyy, €y ~

N(0, (7£,)~"). Uninformed investors cannot observe private signals.

investor can observe a private signal about the noise traders’ demand, zjyy = ng1 + €

2.2.1 Sending information to others

A period-t informed investor ¢ in group ¢ shares his/her private signals about both the
noise traders’ demand and the asset payoff with the remaining N; — 1 investors in the same
group. As in Han and Yang| (2013)), we call V;, which is the number of investors in a
group, as the “network connectedness”, because investors within a group can communicate
with each other. We assume that the sequence of the network connectedness, {N;}, is
common knowledge. The two signals from investor ¢ received by another investor j # i
in group g are 4, — i + 1, and yh, = Zig + i where 75, ~ N(0, (7)) and
Wiy ~ N(O0, (7)), We assume that (o}, {ne}, {e%, b, {e5, s {8, {5, ) are mutually
independent. If all informed investors choose the same level of precision of their private

signals ;4 (resp., 2) about the dividend innovation vy (resp., noise traders’ demand

Nip1), 1€, Tig, = 7 (resp., 75, = 77), Vi, g, then the precision of the signal yi, (vesp., y7,;)
sent from an informed investor is 7/ = (Var[ef, +ni,])~" = [(77)~" + (77")71)] 7" (resp.,

" = (Varlely, +ni) ™ = (7))~ + (=) 7)1 7).

2.2.2 Information received from others

Denote the set of informed investors from group ¢ in period ¢ by 1. Then the information

about the dividend innovation v, received by an informed investor j through communicat-



ing with others in group g can be summarized by the average of the signals sent from others,

ie.,
1 1
IN,I _ xr €T €T
Vi = N1 D Y = Ve T N > () (2)
i€lge\{s} i€lgi\{5}
which is also an unbiased noisy signal about v;,;. The precision of Yj{qu is thus
-1
1 - - «
Vor | —2— 3 (Ehtm| | = Gudi= 1) ®)

iclge\{7}

Similarly, the information about the noise traders’ demand n;.; received by this informed

investor from others can be summarized by

1 1
IN,z z z z

ngt = N — 1 Z Yigt = Tt+1 T TN —1 Z (5z'gt + 77igt)7 (4)

MgV . . MgtV . .

i€lge\{j} i€lge\{j}

and the precision of Y]Ig]tvz is thus
-1
1 ; . 2
Var m Z (%t + mgt) = (N — )77 (5)
T T der\(s)

In contrasts to the informed investors, the uninformed investors born at the beginning of
period ¢t do not have private signals, but they can receive information from all p; N; informed
investors in their same groups. Therefore, the information about the dividend innovation
vi41 received by an informed investor j through communicating with others in group g can

be summarized by

1 1
UN,x T T T
Y;gt - NtNt Z Yigt = Vt+1 + MtNt Z (Eigt + nigt)J (6)

1€lgt i€lge

and the precision of this signal is

-1



Similarly, the information about the noise traders’ demand n;; received by the uninformed

investors from others can be summarized by

1 1
Yig & =—= = 2oy 8
jgt 1N, ; Yigt = Tt+1 + 1N, Z(ezgt + nzgt), ( )
1cigt ielgt
and the precision of Y]va % is thus
-1

1
Var Eigt T 1 = Ny~ 9
11N, Zezjt( ot T igt) p Ny T (9)

The investors born at the beginning of period ¢ can observe all the past dividends {d;}s<,
as well as the past and the current asset prices {ps}s<:. Therefore, an informed investor’s

. . . . . . IN __ INx IN,z
information set when trading in the financial market is Figt = { Zigt, Zigt, Y;gt , Yigt )

N N
YU s YU 1Y

. . 5 . . . UN __
{ds}s<t; {Ps}s<t }, and an uninformed investor’s information set is F; ;" = { Y;,;" ", Y, 7,

{ds}s<ts {Psts<t }-

2.3 Investors’ preference and portfolio choices

An investor born at the beginning of period ¢ invests in period ¢ and consumes in period

t + 1. The investor’s consumption can be expressed as

Cigt+1 = (eigt - migtpt)r + migt(dt+1 + ¢pt+1) - ﬂ{z‘elgt}cﬂ (10)

where e;4, is the investor’s initial endowment, m;4, is the investor’s risky asset holding, C is
the fixed cost of being informed, and 1y is the indicator function (i.e., 1ger,,y = 1if i € Iy,
and lyer,,y = 01if @ ¢ Iy). Note that ¢» € {0,1} is an indicator about whether investors
care about future resale prices of the risky asset. When ¢ = 1 (¢» = 0), our model can be
considered as a dynamic (static) model. This modelling technique is in the spirit of [Farboodi
and Veldkamp, (2020)).

Both the informed and uninformed investors have CARA utility, i.e., their utility function
has the form U(c) = — exp (—7c¢), where v > 0 is the absolute risk aversion coefficient. When

trading in the financial market, an investor chooses the risky asset holding to maximize the
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conditional expected utility of the consumption,

max F [U(Cig,t+1)|-7:igt] ) (11)

Mmigt

subject to the budget constraint , where Fiy = ]-Zlg];] if the investor is informed, and

Figt = Fiop' if the investor is uninformed.

2.4 Definition of financial market equilibrium

The financial market equilibrium is a competitive noisy rational expectations equilibrium.
Similar to Han and Yang (2013)), we analyze a large economy in which there are infinitely
many groups of investors (i.e., G; — +o0, Vt) for tractability. The formal definition of the

financial market equilibrium is as follows.

Definition 1 (Financial market equilibrium). Given the sequence of the proportion of in-
formed investors { i}, and the sequences of informed investors’ private signal precision {ngt}
and {77,}, a financial market equilibrium consists of a sequence of investors’ risky asset hold-
ings {miq} and a sequence of the risky asset prices {p,}, such that (i) each investor’s risky
asset holding m;g solves the utility maximization problem subject to the budget con-
straint , and (i) in each period t, the asset price p, clears the financial market, i.e.,

Gt
. 1 1
g 2 | | 2 2 | | e = (12)
= 1€1gt 1 gt

where Uy 1s the set of uninformed investors from group g in period t.

2.5 Characterization of financial market equilibrium

We use the standard “conjecture and verify” method which is common in the rational
expectations equilibrium literature (e.g., Han and Yang (2013)), Benhabib et al. (2019)),
and [Farboodi and Veldkamp| (2020))) to solve for the financial market equilibrium. First,

conjecture that the risky asset price in period ¢t has the form

Pt = Bot + Prevesrr + Barnisr + Bae(de — pa), (13)
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where o, Pir, Par, and Ps; are deterministic (endogenous) price coefficients. An informed

investor of period ¢ can transform p; into a signal about the dividend d;, 1,

Pt — Bot — BZtE[ntJrl‘JT_;{]]X] — Bae(dy — pta)

ﬁigt =
5 ﬁlt (14)
= Vg1 + ﬁ(”t—i-l - E[nt+1’]:z§];[])-
1t
The precision of the signal ;g is thus Tgt = (%)Q(Tn + 78 + (e Ny — 1)7/7). Similarly, an

uninformed investor of period ¢ can also transform p; into a signal about the dividend d; 4

using the information about the noise traders’ order flow,

pe = Bor — Bar Bl | FiN] — Bai(dy — pa)

pigt =
bt (15)
= V1 + ﬁ(nt—i-l - E[nmlﬁlﬁv])-
Pt
The precision of the signal p;y is thus Tf;t = (%)2(% + e NeTi?).

Solving for problem , the optimal risky asset holding for an (informed or uninformed)

investor in period t is
o Elpi1 + diy1| Fige) — rpy
gt — )
I YVar[Ypu + diga| Fige

where F;g is the information set of the investor. The expressions for the expectation and

(16)

variance are provided in the Appendix. Substituting investors optimal decisions into

the market clearing condition , and rearranging terms, we can calculate the implied price

function,
wi 1 S IN
= lim E + dy | F;
b Gt—o0 thN + WI{JN TNtNth QZ:; 1'62125 [wthrl t+1| gt ]
(,UUN 1 Gt S
+ lim L Elpii1 + dpyy|[FIN] + ———
Gi—oo thN —+ (,UFN T(l — ,LLt)Nth ;iezljgt [ t+1 t+1| gt ] T(thN + w,f]N)
(17)

where W™ = pi /(YW ar[ypy + de|[Fiy ) and wf™ = (1 — ) /(WVarpees + diga | Fi ).
Further calculations can show that the implied price function p; is linear in v;y1, nsy1, and

12



(d; — pg). Comparing the implied price function (17) and the conjectured price function
(13), we can derive a system of difference equations that determines the price coefficients.
The following proposition summarizes the above discussion and characterizes the financial

market equilibrium.

Proposition 1 (Characterization of financial market equilibrium). The equilibrium risky

asset price in period t is expressed as

pe = Bot + Breves1 + Barrugr + Bae(dy — pa),

where Bot, Bit, Por, and Pz satisfy the following system of difference equations,

-5 1
ﬁO,t - T(CUtIN + wl{]N) ;(wﬁo t+1 T ,ud)

WIN i i i
P = (@l t_i_ UM (1 + 9Bsp) VN (7° + (uNy — D)7 + 7)
WtUN UN yz P
m(1+¢53,t+1)‘4 (e Ny + 1),
WtIN NP2 T, (18)
= 1 VNP "
62,t T(Wt + UN) ( + ¢ﬁ3 t+1> 51 T+ (,UtNt _ 1>7_tyz 477
UN
Wy UN pﬁﬂ Tn
e A | v, I
7’( t[N_i_ngN)( +w53t+l) ﬁltTn"i_,utNt Yz
Gy
B3t = T——M7
where
v VC”"WPtH + di1| F igt ol
= * (6} 41Ty Y5 t+17' Y+ (T +9B5041)° (1o + 77 4 (ueNe — D)7 + 71 ) ;
vy VC”"W]%H + dia | igt Y]
=* (6} Lt+1Tv "4+ t4+1Tn Y4 (14 ¥B5001)* (0 + Nyl + )~
Proof. See Appendix [A] ]
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3 Analysis of the financial market equilibrium

In this section, we analyze the impacts of social communication on financial markets,
taking the proportion of informed investors and the informed investors” information choice
(i.e., the precision of their private signals) as given. We first investigate the static situation
in which investors do not care about the risky asset’s resale price (i.e., ¥» = 0), and then

explore the dynamic situation in which investors care about the asset’s resale price (i.e.,

v =1).

3.1 The static case

In this subsection, we assume that 1» = 0. Without loss of generality, we also assume that
e = G4 = 0. With these assumptions, the model developed in Section [2] becomes a one-
period model. Therefore, in this subsection, we drop the time subscript for each variable.
Moreover, by the assumption that Gy = 0 and Proposition [, we can see that 83 = 0.

Therefore, the risky asset price in the static situation is

p = Bo + Brv + Ban. (19)

As is standard in the rational expectations equilibrium literature (see, e.g., [Farboodi and
Veldkamp| (2020)), we define the risky asset’s price informativeness as its signal-to-noise ratio,
B1/P2. We find that the price informativeness increases with the network connectedness N

(i.e., the number of investors in a group).

Proposition 2 (Price informativeness in the static case with exogenous information). As-
sume that (i) ¥ = Gq = g = 0, and (ii) the proportion of informed investors j, fundamental
analysis 7%, and demand analysis T° are given. If v* > 4p2[7% + (N —1)7%*][1°+ (N — 1)79],
then the equilibrium asset price is given by Fq. where By, B1, and By are endogenous

coefficients. Particularly, the equilibrium price informativeness is

N Y ol Ve e VL o)
Bs 2u[t* + (N — 1)71v7] '

. . . . . )
Moreover, the price informativeness increases in the network connectedness: % > 0.
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Proof. See Appendix [A] O

Proposition [2| shows that when information acquisition decisions are exogenous, the price
informativeness is increasing in the network connectedness. The reason is that when every
informed investor share his/her own information to more other investors, every investor
becomes more informed, and more information is injected into the price through their trading.
Proposition [2| generalizes the result with exogenous information in Han and Yang| (2013) to
a situation with demand analysis. In the following proposition, we show that the price
informativeness increases with demand analysis. Moreover, the demand analysis strengthens

the impact of social communication on price informativeness.

Proposition 3 (Impacts of demand analysis). Assume that (i) v = G4 = pq = 0, (i) the
proportion of informed investors u, fundamental analysis 7%, and demand analysis 7% are

gen, and (i1) y* > 4p?[77 + (N — 1)7Y%%][7" + (N — 1)7%"]. Then a higher level of demand

9(B1/B2)
or?

of the price informativeness to network connectedness increases with the demand analysis,

9%(B1/B2)
8N187'22 > 0.

analysis leads to a higher price informativeness, i.e., > 0. Moreover, the sensitivity

1.e.,
Proof. See Appendix [A] ]

The demand analysis (i.e., learning about noise traders’ order flow) helps investors better
filter out the noise contained in the price signal (see Eq. (14])). Therefore, with a higher
level of demand analysis, investors can extract more information about the fundamentals
from the asset price, so the price informativeness is increased through the investors’ trading.
More interestingly, the demand analysis affects the sensitivity of price informativeness to
network connectedness through two channels. First, when demand analysis increases, in-
vestors’ communication about the noise traders’ demand becomes more effective (i.e., every
investor can receive more precise information about the noise traders’ demand from other
investors within the same group). Therefore, the marginal effect of network connectedness
on the information received by each investor increases, so the price informativeness becomes
more sensitive to the network connectedness. Second, even if investors within a same group
do not communicate the order-flow information with each other, the sensitivity of price in-
formativeness to network connectedness still increases with informed investors’ own demand

analysis. When the informed investors have more precise information about the order flow,
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their perceived risk decreases, so they respond more aggressively to the fundamental infor-
mation received from others, strengthening the impact of network connectedness on the price

informativeness.

3.2 The dynamic case

In this subsection, we investigate the impacts of network connectedness and demand
analysis on price informativeness under the dynamic setting (i.e., ©» = 1) with exogenous
information (i.e., the proportion of informed investors u, fundamental analysis 7%, and de-
mand analysis 7% are exogenously given). We plot the price informativeness as functions of

network connectedness and demand analysis in Figure
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Figure 1: Network connectedness, demand analysis, and price informativeness in the dynamic
setting with exogenous information. The left panel plots the period-t price informativeness
B¢/ P as a function of period-t network connectedness ;. The middle panel plots the
period-t price informativeness f1:/f2; as a function of period-t + 1 network connectedness
Nii1. The right panel plots the stationary price informativeness 1/ as a function of the
stationary network connectedness N. Parameter values: pg = 0.04, G = 0.98, r = 1.02,
v =0.05, u=0.73, 7, = 80.08, 7, = 19.75, 7* =2, 7™ = 0.1, 7"* = 0.1, and ¢ = 1.

The left panel of Figure [1| plots the period-t price informativeness f;/52 as a function
of period-t network connectedness N;, assuming that Ny = 5, Vs > t. It shows that the
current period’s price informativeness [,/ increases with the current period’s network
connectedness N;. The intuition is the same with that in the static setting (see Proposition.
When the investors can immediately communicate with more other investors, each investor
will become more informed, and their trading will immediately inject more information into
the asset price, increasing the price informativeness. In contrast, the middle panel of Figure

shows that the current period’s price informativeness [y, /s decreases with the next period’s
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network connectedness N;,;. The reason is that, when investors in the next period are
more connected, the price informativeness in the next period will increase. In other words,
the next period’s price will be more sensitive to the next period’s information. However,
investors in the current period are uncertain about the realization of information the next
period’s investors will acquire. Therefore, a higher sensitivity of the next period’s asset
price to the next period’s information increases the risk perceived by the current period’s
investors. Specifically, the current period’s investors are more uncertain about their asset’s
resale price. As a result, the current period’s investors will trade less aggressively, decreasing
the current period’s price informativeness. Our result that a future increase in the network
connectedness can decrease current price informativeness provides another example for the
“future information risk” concept proposed by [Farboodi and Veldkamp| (2020).

The right panel of Figure [I| shows the impact of network connectedness on price informa-
tiveness under the situation in which the network connectedness in all periods are equal. In
other words, an overall increase in the network connectedness leads to a higher price infor-
mativeness in every period. The reason is that the impact of future network connectedness
on the current price informativeness is less pronounced than that of the current network
connectedness. Therefore, when there is an overall increase in the network connectedness,
the positive impact of the higher current network connectedness dominates, resulting in a
higher price informativeness in the current period Y

Figure |1 also shows that more demand analysis can lead to a price informativeness and
strengthen the impact of network connectedness on price informativeness (see the left panel
and the right panel), consistent with Proposition . Interestingly, the middle panel of Figure
demonstrates that, when the next period’s network connectedness is much higher than the
current period’s network connectedness (e.g., N;11 = 10 and N; = 5), more demand analysis
can result in a lower price informativeness 1,/ in the current period. The reason is that,
when the demand analysis 7, increases, the next period’s price informativeness £y ¢11/ 82,41
also increases. Therefore, the investors in period t face a higher risk of their resale price

Var[pis1]|Fige) and trade less aggressively, decreasing the period-¢ price informativeness.

4Note that under the stationary equilibrium, the values of the price informativeness in all periods are
equal.
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3.3 Application: the short-run impacts of sharing quantitative

trading strategies

In recent years, many online quantitative trading platforms (e.g., QUANTCONNECT
and JoinQuant) are developed. On these platforms, investors not only develop and implement
their own quantitative trading strategies, but also share their strategies with others (or learn
the strategies developed by other users). Therefore, such platforms facilitate the spread of
trading strategies. In this subsection, we apply our model to analyze the consequences of
the development of online quantitative trading platforms.

As in [Farboodi and Veldkamp| (2020), we interpret the investors’ trading based on the
order flow information as “quantitative trading”. A private signal about the noise trader’s
order flow z;; = n + &7, can be regarded as being generated by the quantitative trading
algorithm developed by an informed investor. To further understand why the trading based
on the order flow information can be thought of as quantitative trading, recall that (in the
static case) the asset price can be expressed as p = [y + f1v + Pon, where Sy + Siv reflects
the asset’s fundamental value, and fon reflects the “mispricing” caused by the noise traders’
trading. Therefore, analyzing the noise traders’ order flow n helps investors profit from the
mispricing. In other words, trading based on the signal z;;, resembles quantitative strategies
like “statistical arbitrage” and “factor investing” in reality.

To focus on the spread of quantitative trading strategies, we assume that investors do not
share fundamental information with others, i.e., 77* = 0. Moreover, since we are focusing
on the “short-run” effect, we assume that u, 7., and 7, are exogenously given. Intuitively,
investors only share existing trading strategies, without developing new strategies. The
following corollary of Proposition [2| shows the impact of the spread of quantitative trading

strategies on market efficiency.

Corollary 1 (Short-run impact of sharing quantitative trading strategies under the static
setting). Assume that Gq = puqg = v = 0, and ™" = 0. The price informativeness is

increasing in the network connectedness, i.e., %hmzo > 0.
Proof. This result follows directly from Proposition [2| m

When 77" = 0, investors do not communicate fundamental information with others,

so an increase in the network connectedness N only means that a quantitative trading
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strategy is shared with more investors. Corollary [1| shows that under the static setting, the
sharing of quantitative trading strategies has a positive short-run impact on financial price
informativeness. In reality, as online quantitative trading platforms develop, more people
can use strategies like statistical arbitrage to profit from mispricing, which accelerates the

elimination of mispricing, making the financial market more efficient in the short run.

4 Equilibrium with endogenous fundamental and de-

mand analysis

In this section, we first extend the model in Section [2| to a setting with endogenous

fundamental analysis and demand analysis (i.e., an informed investor can optimally choose

x

the signal precision 77,

vestors ;. Then we investigate how the network connectedness affects informed investors’

and 77,), while exogenously fixing the proportion of informed in-

information acquisition decisions.

4.1 Information choice problem
As in|Farboodi and Veldkamp (2020)), before receiving information in period ¢, an investor
chooses 7;, and 777, to maximize the ex ante expected utility,

max B[ (cigi)[{d,}osi), (21)

x z
7—igt ’Tigt

subject to the constraint (7;7,)%+ x(77;,)* < Hy, where H, > 0 is the data processing capacity
in period ¢, and x > 0 determines the cost of demand analysis relative to fundamental
analysis. Following Farboodi and Veldkamp| (2020), one can also interpret H,; as the level
of financial data technology. The utility maximization problem in can be transformed
into minimizing the ex post payoff variance Var[di1 + tpy1|Fiyy ], which can further be
expressed as maximizing 77, + (%)Qﬁzgt. This problem can be solved using the method of
Lagrange’s multipliers. Moreover, since the informed investors are ex ante identical, all of
them will choose the same level of signal precision. Therefore, we focus on the symmetric

equilibrium in which Tigt = Tt and Tit

= 77, Vi,9. We have the following proposition that

characterizes the informed investors’ optimal information choice.
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Proposition 4 (Information choice). Assume that in period t the proportion of informed
investors p; and the level of financial data technology H; are given. Then every informed
investor’s optimal fundamental analysis 77 (i.e., the precision of the private signal about the
asset payoff) and demand analysis 77 (i.e., the precision of the private signal about the noise
traders’ order flow), and the equilibrium price coefficients B, j = 0,1,2,3, must satisfy Eq.
as well as the following system of equations,

T __ \4 Ht z 1 ﬁlt 2 vV Ht
Tt =, Tt = — | = — — ) (22)
1+ (%)4% X \ B 1+ (%)4%
Proof. See Appendix [A] O

One can derive the equilibrium fundamental analysis, demand analysis, and price coeffi-
cients by solving Eqgs. and simultaneously.

4.2 The static case

In this subsection, we consider the static case (i.e., 1 = 0) of the model with endogenous
fundamental analysis and demand analysis. As in Subsection [3.1, we also assume that
G4 = png = 0 and drop the time subscript. We find that when fundamental analysis and
demand analysis can be endogenously chosen by informed investors, the price informativeness
still increases with a higher network connectedness if the proportion of informed investors is
fixed. Moreover, a higher network connectedness increases the informed investors’ demand

analysis and decreases their fundamental analysis.

Proposition 5 (Price informativeness in the static case with endogenous fundamental and
demand analysis). Consider the situation in which ¥ = G4 = pq = 0. Also assume that the

proportion of informed investors p € [0,1] is given. Then the equilibrium price informative-

ness is increasing in the network connectedness, i.e., % > 0. Moreover, the equilibrium
or*®

Jundamental analysis is decreasing in the network connectedness, i.e., 3% < 0, and the

a . . . . . . . . z
equilibrium demand analysis is increasing in the network connectedness, i.e., ZLN > 0.

Proof. See Appendix [A] O
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Figure 2: Impact of network connectedness when the proportion of informed investors is
fixed (static case). This figure plots the price informativeness f;/f2, fundamental analysis

7% and demand analysis 7% as functions of network connectedness N. Parameter values:
w=1L71,=177=001,vy=1,x=20, H=2, £t =0.73, and Gy = g = = 0.

Han and Yang (2013) find that when information is endogenous, price informativeness
decreases in network connectedness. However, Proposition 5| and Figure |2 show that in
our setting, even if information is endogenous, the price informativeness is increasing in the
network connectedness. Proposition [5| and Figure [2| also show that the fundamental (de-
mand) analysis is decreasing (increasing) in network connectedness. When the proportion
of informed investors is fixed, an increase in network connectedness makes all investors more
informed, injecting more information into the asset price. The increased price informative-
ness allows informed investors to extract more fundamental information from the price and
lowers their incentives to conduct fundamental analysis by themselves. However, the de-
crease in fundamental analysis does not lead to a lower price informativeness, because more
data processing capacity are available for demand analysis, which also increases the price

informativeness (see Proposition .

4.3 The dynamic case

In this subsection, we investigate the impacts of network connectedness on price infor-
mativeness and informed investors’ allocation of their data processing capacity under the
dynamic setting (i.e., ¥» = 1) when the proportion of informed investors u is exogenously
given. We plot the equilibrium price informativeness, fundamental analysis, and demand
analysis as functions of network connectedness in Figure [3]

The upper left and lower left panels of Figure 3| show that an increase in the current
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Figure 3: Impacts of network connectedness when the proportion of informed investors is
fixed (dynamic case). The upper left panel plots the period-t price informativeness 14/ B
as a function of period-t network connectedness N;. The lower left panel plots the period-t
fundamental analysis 7;° and demand analysis 7/ as functions of period-¢ network connect-
edness N;. The upper middle panel plots the period-t price informativeness [14/32 as a
function of period-t + 1 network connectedness N;;;. The lower middle panel plots the
period-t fundamental analysis 77 and demand analysis 7/ as functions of period-t + 1 net-
work connectedness N;,;. The upper right panel plots the stationary price informativeness
b1/ P2 as a function of the stationary network connectedness N. The lower right panel plots
the stationary fundamental analysis 7° and demand analysis 7% as functions of the stationary
network connectedness N. Parameter values: pug = 0.04, G4 = 0.98, r = 1.02, v = 0.05,
w=0.73, 7, = 80.08, 7, = 19.75, 7" = 0.1, 7"* = 0.1, x = 21.12, H = 100, and ¢ = 1.
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period’s network connectedness results in a higher price informativeness, a lower fundamental
analysis, and a higher demand analysis in the current period. The intuitions are the same as
those of Proposition [5. In contrast, an increase in the next period’s network connectedness
results in a lower price informativeness, a higher fundamental analysis, and a lower demand
analysis in the current period. The reason is the same as that described in Section 3} A
higher next period’s network connectedness increases the next period’s asset price’s response
to the next period’s information, which increases the current period’s investors’ perceived
risk of the resale price, reducing informed trading and lowering the price informativeness
in the current period. A lower price informativeness induces investors to conduct more
fundamental analysis. However, the increase in fundamental analysis does not lead to a
higher price informativeness, because demand analysis decreases due to the limitation of
data processing capacity. Since the impacts of network connectedness in the future on
the current period’s equilibrium variables are less pronounced than the impacts of network
connectedness in current period, an overall increase in the network connectedness increases
the stationary price informativeness, decreases the stationary fundamental analysis, and
increases the stationary demand analysis (see the upper right and lower right panels of
Figure [3)).

4.4 Application: the sharing and quality of quantitative trading

strategies

In this subsection, we apply our model with endogenous allocation of data processing
capacity and fixed proportion of informed investors to analyze the impact of the development
of online quantitative trading platforms on the quality of quantitative trading strategies.
As has been explained in Section |3, we follow Farboodi and Veldkamp, (2020)) to interpret
a private signal about the noise trader’s order flow z;; = n + &7, as a quantitative trading
strategy developed by an informed investor, so the precision of this signal 7% can be regarded
as the quality of the quantitative trading strategy. Intuitively, when 7% becomes higher, the
quantitative strategy can identify the mispricing n more precisely, resulting in a higher
trading profit. The following corollary of Proposition [5| shows that, when the proportion of
informed investors is fixed, the spread of quantitative trading strategies encourages investors

to develop better quantitative trading strategies.
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Corollary 2 (Spread of quantitative trading strategies, market efficiency, and quality of
strategies). Assume that ¢ = Gq = pg = 0, and p is exogenously given. Also assume that
71" =0, so that no fundamental information is shared. Then the share of quantitative trading
strategies improves both the market efficiency and the quality of quantitative strategies, 1i.e.,
0(B1/B2)

S =0 > 0 and gLNZ|Tm:0 > (. Moreover, the sharing of quantitative strategies lowers

the fundamental analysis, i.e., %\7\7%:0 < 0.
Proof. This result follows directly from Proposition [5 m

As has been explained in Section [3| the spread of quantitative trading strategies allows
more investors to engage in statistical arbitrage, which accelerates the elimination of mispric-
ing and improves the market efficiency. A more efficient financial market that reveals more
fundamental information lowers the potential profits from fundamental trading, reducing the
investors’ incentives to produce private fundamental information. Therefore, more resources

are allocated to developing quantitative trading strategies, increasing their quality.

5 The full equilibrium: endogenous proportion of in-

formed investors

In this section, we consider the full equilibrium in which both the proportion of informed
investors (i.e., u;) and the informed investors’ information choice (i.e., 77* and 77) are en-
dogenously determined. Assume that at the beginning of period ¢, each investor decides
whether to become informed or not. If an investor decides to become informed, then the
investor pays a fixed cost C'r to gain access to a data processing technology with capacity
H;. In the spirit of |Grossman and Stiglitz (1980), the equilibrium proportion of informed
investors ; should be such that any investor is indifferent between being informed and being

uninformed. Formally, define

AU (pe) = E[E[U(cigs1)| Figr I ds szl lue = BIEU (€ign) [ Figs' st sl le- (23)

Intuitively, AU;(p;) measures the benefit of being informed when the proportion of informed
investor is p;. If AU(0) > 0 and AU,(1) < 0, then the equilibrium proportion of informed
investors is determined by AUi(u;) = 0. If AU(0) < 0 (i.e., being informed is worse
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than being uninformed even if no one is informed), the equilibrium proportion of informed
investors is p; = 0. If AU(1) > 0 (i.e., being informed is better than being uninformed
even if everyone is informed), the equilibrium proportion of informed investors is p, = 1.
We have the following proposition that characterizes the equilibrium proportion of informed

investors.

Proposition 6 (The proportion of informed investors). In period t, (a) if AU(0) > 0 and
AUy (1) < 0, the proportion of informed investors y; must satisfy the following equation,

UN
\/Var[szm + di 1| Fige' _ 0 (24)

Varfype + depr|[FiN |,

(b) If AU(0) < 0, then the equilibrium proportion of informed investors is pu; = 0. (c) If
AUy (1) > 0, then the equilibrium proportion of informed investors is p; = 1.

Proof. See Appendix [A] ]

One can derive the equilibrium proportion of informed investors, fundamental analysis,
demand analysis, and price coefficients by solving Eqs. , 7 and simultaneously.

5.1 The static case

In this subsection, we analyze the static case (i.e., 1 = 0) of the full model to investi-
gate the impacts of network connectedness on the price informativeness, informed investors’
information choices, and the proportion of informed investors. We find that when both the
two kinds of information choice decisions (i.e., p and (7%, 77)) are endogenous, the effect of

network connectedness on the price informativeness can be non-monotonic.

Proposition 7 (The impacts of network connectedness when both the proportion of in-
formed investors and their information choice are endogenous). Assume that ¢ = pg = G4 =
0. Define AU(n) = E[E[U(e)|FLT), — BIEU(eig)| FSN ). (a) If AU(L) > 0, then the
proportion of informed investors s fixed at i = 1. Moreover, a higher network connectedness
increases the price informativeness, decreases the fundamental analysis, and increases the de-

mand analysis, i.e., % > 0, gLNI <0, and g;; > 0. (b) If AU(0) > 0 and AU(1) < 0,
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then the proportion of informed investors u satisfies the following equation,

[ = 797 4+ ()2 = 799)] = (997 = 1) + (8)°r,)
N(e2Cr — 1)[rve + (%)QTW] : (25)

ILLZ

Moreover, a higher network connectedness decreases the price informativeness, increases the
9(B1/B2)

. . . xT
Jundamental analysis, and decreases the demand analysis, i.e., =5 < 0, %LN > 0, and
or?
o < 0.
Proof. See Appendix [A]l O
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Figure 4: Impact of network connectedness when the proportion of informed investors is
endogenous (static case). This figure plots price informativeness %, fundamental analysis
7%, demand analysis 7%, and proportion of informed investors p as functions of network
connectedness N. Parameter values: 7, =1, 7, =1, 77 = 0.01, 77 = 0.01, v = 1, x = 20,
v=1,H=1,Cpr=017and v = G4 = pg = 0.

Proposition [7| suggests that when the proportion of informed investors p is endogenously
determined, the price informativeness /8, is hump-shaped in the network connectedness
N. When the network connectedness N is low, investors can get little information from
others. Therefore, even if others are all informed, it is still optimal for an investor to pay
a cost to become informed (i.e., AU(1) > 0), so the proportion of informed investors is
fixed at 4 = 1. Since the proportion of informed investors is fixed, by Proposition [5 the
price informativeness is increasing in the network connectedness N. In contrast, when the
network connectedness N is sufficiently large, every investor can learn enough information
from others. In this situation, if all other investors are informed, it is optimal for an investor
not to be informed (i.e., AU(1) < 0). Therefore, the proportion of informed investors p is

not fixed at 1. Moreover, a further increase in N reduces investors’ incentives to become
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informed and thus the equilibrium proportion of informed investors p, lowering the price
informativeness. Therefore, as is shown in Figure[d] the price informativeness is hump-shaped
in the network connectedness N. Correspondingly, the demand analysis 7% is hump-shaped

in the network connectedness NV, and the fundamental analysis is V-shaped in N.

5.2 The dynamic case

In this subsection, we investigate the impacts of network connectedness on price infor-
mativeness and informed investors’ allocation of their data processing capacity under the
dynamic setting (i.e., ©» = 1) when the proportion of informed investors p; is endogenous.
We plot the equilibrium price informativeness, fundamental analysis, demand analysis, and
the proportion of informed investors as functions of network connectedness in Figure [5

The upper left and upper middle panels of Figure |5/ show that the current period’s price
informativeness and demand analysis are hump-shaped (is V-shaped) in the current period’s
network connectedness. Moreover, the upper right panel of Figure [5[ shows that when the
current period’s network connectedness is low, an increase in it has no impact on the current
period’s proportion of informed investors. In contrast, when the current period’s network
connectedness is sufficiently large, an increase in it decreases the proportion of informed
investors. These results are consistent with those in the static case (see Proposition 7| and
Figure 4)).

As has been explained in Section [3| a higher price informativeness in the next period
leads to a higher risk perceived by the current period’s investors and thus a lower price infor-
mativeness in the current period. Therefore, as is shown in the lower left panel of Figure [
the current period’s price informativeness is V-shaped in the next period’s network connect-
edness. Correspondingly, the lower middle panel of Figure |5/ shows that the current period’s
fundamental analysis (demand analysis) is hump-shaped (V-shaped) in the next period’s
network connectedness. Moreover, the current period’s proportion of informed investors is
hump-shaped in the next period’s network connectedness (see the lower right panel of Fig-
ure , because when the price informativeness becomes lower, the investors cannot extract
enough information from the price, so it is optimal for more of them to pay a cost to become

informed, and vice versa.
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Figure 5: Impacts of network connectedness when the proportion of informed investors is
endogenous (dynamic case). The upper left panel plots the period-¢ price informativeness
b1t/ Par as a function of period-t network connectedness N;. The upper middle panel plots the
period-t fundamental analysis 7;° and demand analysis 77 as functions of period-t network
connectedness N;. The lower left panel plots the period-t price informativeness [31;/fa
as a function of period-t + 1 network connectedness Ny, ;. The lower middle panel plots
the period-t fundamental analysis 7;° and demand analysis 77 as functions of period-¢ + 1
network connectedness V;, ;. The upper right panel plots the period-t¢ proportion of informed
investors u; as a function of period-t network connectedness N;. The lower right panel
plots the period-t proportion of informed investors y; as a function of period-t + 1 network
connectedness N, 1. Parameter values: ugy = 0.04, G4 = 0.98, r = 1.02, v = 0.05, u = 0.73,
T, = 80.08, 7, = 19.75, 7™ = 0.1, 7"* = 0.1, x = 21.12, H = 100, Cr = 0.07, and ¢ = 1.
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5.3 Application: the long-run impacts of sharing quantitative trad-
ing strategies

In this subsection, we apply our model with endogenous information choice and endoge-
nous proportion of informed investors to analyze the long-run impact of sharing quantitative
trading strategies. As before, when analyzing the spread of quantitative trading strategies,
we assume that no fundamental information is shared, i.e., 77* = 0. In the long-run, both
the quality of quantitative trading strategies 7% and the proportion of strategy developers pu

are determined in equilibrium. We have the following corollary of Proposition [7]

Corollary 3 (Long-run impacts of sharing quantitative trading strategies). Assume that
v ==Gq = pqg =0. Also assume that 7" = 0 so that no fundamental information is shared.
(a) If AU(1) > 0, then p is fizred at 1. Moreover, we have %‘T'Mt:o > 0, %'Tnx:() <0,
and %\Tnzzo >0. (b) If AU(0) > 0 and AU (1) < 0, then p satisfies the following equation,

[T+ (B4)2(r2 — 79%)] — (2797 — 1)(7, + (£)%r)

B2
— ) 26
H N(e2~/CF _ 1)(%)27_yz ( )
Moreover, we have %\w:o <0, %L]\j e—g > 0, and %’Twzo < 0.
Proof. This result follows directly from Proposition [7] n

Corollary |3|indicates that the spread of quantitative trading strategies has non-monotonic
impacts on market efficiency, the quality of strategies, and the number of developers in the
long run. When each strategy is not shared with many investors, it is optimal for every
investor to develop his/her own strategies. When quantitative strategies are shared with
more investors, the investors can implement better statistical arbitrage, reducing mispricing
and improving market efficiency. When the market becomes more efficient, the investors can
profit less from trading on fundamental information, so more (less) resources are allocated
to developing quantitative (fundamental) strategies, increasing the quality of quantitative
(fundamental) strategies.

When each strategy can be shared with many investors, the investors do not have high
incentives to develop their own strategies. Therefore, when the strategies are shared with
even more investors, it is optimal for a proportion of investors not to develop their own

strategies but instead rely on the strategies developed by others, so the number of developers
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(i.e., the proportion of informed investors in our model) decreases. As a result, the number of
quantitative strategies decreases, and the statistical arbitrage implemented by the investors
is less effective, which exacerbates mispricing, reducing market efficiency. Since the market
efficiency decreases, the investors can profit more from trading on fundamental information,
so more (less) resources are allocated to developing fundamental (quantitative) strategies,

decreasing (increasing) the quality of quantitative (fundamental) strategies.

6 Conclusion

This paper presents a model of financial market in which information on both noise
traders’ order flows and asset fundamentals can be shared among investors. We demonstrate
that when both the proportion of informed investors and the informed investors’ choice
between fundamental analysis and demand analysis are endogenous, the financial price in-
formativeness and demand analysis (fundamental analysis) are hump-shaped (is V-shaped)
in the network connectedness. These results still hold even if only the demand information
is shared. We also find that investor social networks can generate the “future information
risk” effect. An application of our model predicts that the development of online quantitative
trading platforms can improve market efficiency in the short run, but have non-monotonic
long-run impacts on market efficiency and the quality of quantitative strategies. Our model
can be further extended to investigate questions that are not answered in this paper. For
example, adding a real sector to the model (i.e., endogenizing the asset payoff) allows people
to study how the sharing of information between financial investors affects firm managers’
real decisions through the market feedback channel. Moreover, one can investigate the de-
terminants of network connectedness by endogenizing investors’ sharing decisions. We leave

these questions for future research.
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Appendix
A Proofs of Propositions

A.1 Proof of Proposition

Proof. By direct calculation, the expectation of the asset payoff ¢p;,1 + d;1 conditional on

the information set F;, can be decomposed as

ElWpppia +dei1| Fige) = 801+ pat+ (1+983,041)G(di — pta) + (1+0 B3 41) E[vesa| Fige] . (A1)

For informed investors, the conditional expectation of v;1; can be calculated using Bayes’

rule,
T z~IN,x
[Ut+1’fIN] - i Tigr + (e — D7t Ylgt + Tthngt (A.2)
! 7o+ 78 + (N, — ) + 78,
For uninformed investors, the conditional expectation of v, is
(MtNt) YN 4 7 g
Blopn|Figi'] = . (A.3)
(NtNt>Tt + ngt
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By direct calculation, the variance of the asset payoff ¥p; 1 + d;11 conditional on the infor-

mation set F;, can be decomposed as

Var[pep + dipa | Fige) = ¢2V@T[Pt+1|-7:z'gt] + Var[di | Fige] + 20 Cov[pyyq, deg1| Fige

(A.4)
= V(B T+ BT )+ (L UB3011) Var[dy | Figr.
An informed investor’s perceived variance of d;,q is
Varldeal FLY) = Varloal 7 1 (A.5)
ar ar|v = .
e e Ty + Ttx + (MtNt - 1) + Tz
An uninformed investor’s perceived variance of d;; is
Varldenl YN = Varloa 75 : (4.6)
ar ; ar|v | = :
1| gt 1| gt (N + 7_

With the conditional variances calculated above, we can derive the expressions for w!" and
wZh.
Without loss of generality, assume that the first p;/V; investors in each group are informed.

Then the implied price function can also be expressed as

wIN 1 e Nt
: IN
- lim = » FE dy1|F;
Y4 thN + ng T,utNt ; (thinoo Gt Z 77Zth—i-1 + t+1| igt ])

th N 1 Al Ng11 — S
+ lim — E| +d .
I WUV (1= )N, i:;tNt:H e E [Vpeia e+1|Frg igt 'l r(wt]N WU

(A7)

Using the expression for the conditional expectations calculated above, we can show that

Glt1gloo a Z Epei1 + dpya|FL igt oy

Gt
Z [thxigt + (e Ny — 1) xy;éivx + Tz‘l;tﬁigt] )
—1
(A.8)
where C; = 8o 11+ pta + (1 +9B3,41)G(dy — pra). Recall that x5 = vi11 + €5, By the Law

L+ 985411 I 1

=C, + 1m
! Ty + Tt (,U/tNt — 1) + Tp Gi—o0 Gt
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of Large Numbers, we can calculate that

Gy
1
li lim — g = ) A.
thgloo e Zﬂfzgt Vg1 + tlinoo G, ;gzgt Vi1 (A.9)
Similarly, we can show that
1 & 1 &
i &3 = i 3 (i X
igt Jgt
Grovoe Gy 0 Gimoe Gy I\ 1 tNt L
Y g o
=Vt — lim = » (55 + jy)
pulNe =1, o sy |G Geig
= Ug41-
Moreover, we have
1 & 1 & B
— 5 m 2 _ IN
Gltlgloo G, Digt Gltlinoo c, ; {Utﬂ + By, (41 — Bl [Fig ])}
v+ 22 [y — i L g Tt (= DY
= Vpg1 + 5 [Ng1 — -~
1| Gi—oo Gy & et 77+ (e Ny — 1)1” (A.11)
o Bat 'n T + (e Ny — I)Ttyznm]
= V1 + o= |1 —
T B U b (N - D)
Vit + B TnTi41 }
= Vg + = )
" 1 [ To + 7 A (N — D)7
Therefore, we can calculate that
L+ 98341
lim — ) E| +d o] =Cr+ : -
Gi—oo Gy Z [P+ desa |7 9t 1= To + 78 4+ (eNe = D)7/* +7f (A.12)

ﬁzt TnTi41
61,5 Tn + th + (,utNt — 1)7’ty

{( + (u Ny — D)7" + 7 )Ut+1 + 7)==
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We can also calculate that

lim — Z E 7~/}pt-|-1 + dt+1| igt ]

Gt‘)OO Gt
Gt
I+ ¢53 t+1 UN, 5
:(j_|_ im [ N1, x+7fi],

and that

Gy Ny 1 Gy

UN,z . _
a2, G, 2 Yl vt 2 [clfinoo G, > (el + i) | = v,

=1 1=t Ne+1 g=1

and that

i S 2 (B ()
Gi—oo Gy o ! o Pt . Tn + e N7 tr Bie \ T + pueNei” )

Therefore, we have

G{linm a Z Elpi + dt+1‘ igt ]

1 + ¥ B311
To + (e N + 7ios

52t TnMt+1

=C,+ L
' Bt Tn + Ny

|:(:utNt7-t + 7 )Ut+1 + 7)==

(A.13)

(A.14)

(A.15)

(A.16)

Substituting Equations (A.12) and (A.16]) into Equation (A.7)), and collecting terms, we have
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—S 1
= —_— + —
D T((JJtIN + ngN) r (¢50,t+1 + Md)

IN
Wy

W e —
Emasares
w UN y p
— (1 V. N, 7%
+ 7ﬁ<wt1N n ng]v>( + wﬁ?:,t-i-l) t (,Ut Ty + Ty ):| Vit+1

. - (L4 By ) VNP2 n
r(wi 4+ wfN) AR B Tn + (puNy — 1)1 + 72

yN (1 wﬁ )VUN p 2,0 Tn
+ Ty —
37t+1 t t /BLt Tn tNtTtyZ

(1+ ¢53,t+1)VtIN<Tz + (e Ny — 1)77" + 7'1?)

(A.17)

+ — n
Pl +w) ]

Gy

_7d (-
+ |:T_¢Gd:| ( t /’Ld)7

where V'V = Var[ypy + dea|[FLY] and VPN = Var[pea + dia| FLY]. Comparing the

implied price function (A.17]) and the conjectured price function ((13)), we can derive Equation
(18), which completes the proof. H

A.2 Proof of Proposition

Proof. In the static case we have G4 = g = ¢ = 0. From Proposition [1| we know that

B Uty + (N — )79 + pur? + (1 — p)7?

Tn

By P8 n 53 '
I o ey U DL e

Rearranging terms, we have

(7 + (N = DT)(5)? = () + 4[ur” + (N — 1)7%] = 0. (A.18)

Solving this equation of 5—;, and following [Farboodi and Veldkamp (2020) to choose from the
two solutions, we can derive .
Notice that g—; can be viewed as a function of N. Taking derivative with respect to N on

both sides of (A.18)), we have M[Tyz(g_;)2+(7_z+(N_1)7_yz)2(%)8(%}652)]_78(%]032) +u7¥ = 0.
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Collecting terms, we have

NBu/By) TG A ur
ON =2 + (N = D) (3)

(A.19)

From ([20) we can calculate that

2u(r* + (N = D)) () =7 = V72 = 42[r* + (N = D7o][r7 + (N — 1)797] <.

Therefore, we have % > 0. O

A.3 Proof of Proposition

Proof. Denote Q, = 77 + (N — 1)7%" and Q, = 77 + (N — 1)7%*. Then from Eq. the

price informativeness (/02 can be written as

B v - V2 — 4.0, 2482,

By 2080, oy 4200,
v+ /7% — 4p

Notice that '31/’52 > 0. Moreover, since %% = [(7%)~! + (77%)71]"!, we have 2= > 0 and
thus (‘mz > 0. Therefore by the chain rule, we have

(A.20)

O(B1/B2) _ 0(Br/f2) 0L

o~ oq. o v

Combining this result with Eq. - we immediately have 81618/7- B2) > 0. O

A.4 Proof of Proposition

Proof. 1f an investor employs the optimal trading strategy , then her consumption can

be written as

EYpi1 + de1| Fige) — rpy
YWar[ypi + dis1| Figd]

Cigt+1 = €igtT + (dt+1 + Y1 — Tpt) - IL{iEIgt}CFa (A-Ql)
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and her expected utility conditional on F;y is thus (by the moment generating function of a

normal random variable)

(B[Ypis1+diy1—rpe| Fige])?
Var[ypir1+dit1|Fige] (A.22)

1
ElU(cigt41)| Figt) = e et Orly
Therefore, the investor’s ex ante expected utility is (by the moment generating function of
non-central chi-squared random variable)

Vi —Yleiger—1 (ier }CF}—l(E[¢pt+1+dt+1*"f’tHds}sﬁt})Q

EEU 73 E ds s - - 7 . 75 ot 1€t 2 VitVou )

BV (cig ) Figl bt = =[5 e &
(A.23)
where V; = Var[ypii1 + diy1|Fige] and Vor = Var[E[per + disr — 7pe| Fige]|[{ds }s<¢]. Notice
that

Vi+ Vo =V =Var[yp + digr — rp{ds }s<i)- (A.24)

Also notice that (by the Law of Iterated Expectations),
ElU(cigir1){dsts<t] = E[EU(Cig 1) | Fige)[{ds o<t (A.25)

We can calculate that

Vi L (EYpi1 + disr — 7’pt|{ds}s<t])2
V—;,—V[Gigtr—ﬂ{ielgt}cﬂ—é hs +Vt° = .

It (= E[U(cig1)|{d, }osi]) = In

(A.26)
Notice that both Vi and E[psi1+diy1 —1pe]{ds}s<¢] are not affected by a specific investor’s
information choice. Therefore, for a specific informed investor, the information choice prob-

lem can be converted to minimizing V'Y = Var[ypiy1 + diya | FiyY ] Recall that

Var[yp + dip ’-Elg]tv]

o (A.27)
= *( 12,t+17-v_1 + Bg,tJrlTn_l) + (14 ¥B341)% (10 + Tigr + (e Ny — )7 + Ti,t)_17
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where ngt (5“) (Tn + 7 + (e Ny — 1)7%). Since the specific investor can only choose 7,

and 77,, the information choice problem can be expressed as

gt

maX zgt +( t) zi]t’ s.t. ( zgt) +X( zgt)2 S Ht' (A28)

7,gt ngt

Since the objective function is increasing in both choice variables, we know that the constraint

is binding. The Lagrangian function is
Ly = Tz‘g;t + (%) igt T e (Hy — (Tz‘g;t)Q - X<Tz‘zgt)2)v (A.29)

where )\; is the Lagrangian multiplier. The first-order conditions give the following system

of equations,

0Ly 0L P OLy 2
=1-2N7,, =0, =] —2x\7,, =0, =—=H, — (75,)" — = 0.
angt thgt a i]t (B% XALT, zgt aAt t (T'Lgt) X( 'Lgt)
(A.30)
Solving this system of equations for 7,7, 7,7;, and A;, and using the symmetric equilibrium

conditions (i.e., 7, = 7* and 77, = 77, Vi, g), we can derive Equation (22]), which completes

» Yigt T gt —
the proof. n

A.5 Proof of Proposition

Proof. Recall that the equilibrium price informativeness 31/ is determined by .
Notice that when the fundamental analysis and the demand analysis are endogenously de-
termined by the investors, both 2, = 77+ (N —1)7%" and 2, = 774 (N — 1)7Y* are functions
of 81/B> and N (see Eq. (22)). Denote & = (1/82. Then Eq. can be written as
&= f(&N), where

2u82,. (&, N
fleN) = — LX) | (A1)
It is obvious that %ﬁ’m > 0 and % > 0. Therefore, we can notice that of (E N > 0.

Moreover, from Eq. (22), we can calculate that 7%|c—g = VH > 0 and T |ezo = O, SO we
know that f(0,N) > 0.
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Let Ny > 0, and AN > 0. Denote Ny = N + AN > N;. Let £(N;y) be the solution
to &€ = f(&No). Since 2&N 5 0 we have f(E(No), Ni) < f(E(Na), Na2) = &(Na), so
f(E(N3), N1) —&(Ny) < 0. Recall that f(0, N;) —0 > 0. Therefore, by the intermediate value
theorem, we know that there exists a £(IN1) € (0,&(N2)), such that f(£(Ny), N1)—&(Ny) =0,
or equivalently, £(Ny) = f(§(N1), Ny).

Now we have already proved that £(N; + AN) > £(Ny), where £(N) is the solution to
¢ = f(& N). Since the selection of AN > 0 is arbitrary, we have

£(N) = lim (N1 + AN) — §(Ny)

Jim N > 0. (A.32)

Since the selection of V; is also arbitrary, we know that &'(N) > 0, VN > 0. In other words,
(B 1/ B2) ~ 0. With this result and Eq. , one can immediately observe that < 0 and
972 5 0. O

A.6 Proof of Proposition@

Proof. The results when AU;(0) < 0 and AUi(1) > 0 are trivial. Now we consider the
situation when AU;(0) > 0 and AU(1) < 0. Denote
L(E[pis + dipy — rpd{ds }o<i])?

bt = —YeigT — B Vo : (A.33)
¢

From Equation (A.23]) we know that, given pu,, an investor’s ex ante expected utility can be

written as
Vi _
ELE[U (i) Figll {deasel i = = [ gr5e™ 710500, (A34)
t

Therefore, we have

VIN VUN VIN VUN
AU, (,u ) — to 6¢t+’YCF + t - €¢t _ tO €¢t t _ e’YCF ) (A‘35)
o v, v, v, Vv

By inspection, we have

UN

1%
AU (1) = 0 < TV = = 1°F, (A.36)
t
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which completes the proof. O]

A.7 Proof of Proposition

Proof. Part (a): As has been shown in Proposition [ when AU(1) > 0, the proportion of
informed investors is 4 = 1. Therefore, as long as N is within the range such that AU(1) > 0,
i is fixed at 1, so the impacts of N on equilibrium variables are the same as those when
i is exogenously set to be 1. From Proposition |5 we know that % > 0, %L; < 0, and
9 > 0
on =~ Y

Part(b): Now we consider the situation in which AU(1) < 0 and AU(0) > 0. Denote
¢ = B1/Ps. From Eq. , we can notice that when v = 0, the equilibrium proportion of

informed investors p must satisfy the following equation,

\/Tv T4 (N = DT+ E(r T+ (N = D) e (A.37)

To + UNTY® + £2(7,, + uNTY?)
Therefore, we can express the proportion of informed traders as a function of £ and N,

[ = 7 4 €5 = )] = (1% — )(ry + £7)

N(exCr — 1) (797 + £27v7) (A.38)

Notice that 7%, 7Y%, 7%, and 7Y% are also functions of £, but are not directly affected by N.
From Eq. (A.20) we know that the equilibrium price informativeness is determined by the
equation & = h(&, N), where

e =T VA2 = A€ N)Q(E N)][u(E, N)Qu(E N A3
We can calculate that
p(& N) x (¢, N)
I 5(26(;0 :jyli](;x(i”;i y—z)l)(% +E7) %(Tx gy ppv| o (AM0)
Not affocred by N Decrensing m N

Recall that 79% = [(7%)~! 4+ (77*)7!]7!, so we can notice that 7% > 7¥*. Therefore, we can
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ON

see that W < 0. Similarly, we can prove that < 0. Therefore, we

Oh(&,N)
have —aN < 0.
Now we prove that h(0,N) > 0, VN > 1. Suppose that u is fixed at 0. Then from Eq.
(A.20)) we know that the equilibrium price informativeness i 1s = 0. From Eq. ( . we know

that the equilibrium information choices are 7 = v/H and 7% = O. Correspondingly, we have
¢ = [(VH)™' 4 (")71]~'. By assumption, we have AU(0) > 0, i.e., VUN/VIN > ¢2Cr

which leads to the following relationship between exogenous parameters,
VH = [(VH) " + ()17 > (97 — ), (A.41)
Notice that (0, N) can be expressed as

VH — [(VH) ' 4 () 17— (9 — Dy

(0, N) = N(enCr — 1)[(VH)! + (7)1

(A.42)

Therefore, by Eq. , we know that p(0, N) > 0, and thus h(0, N) > 0, VN > 1.
Now we prove that £(N) is decreasing in N, where £(N) is the solution to equation
= h(§,N). Let Ny > N; > 1. Let £(N7) be the solution to equation £ = h(&, Ny). Since
MEN) < (), we know that h(E(N1), Na) < R(E(N1), N1) = E(Ny), s0 h(E(N1), No) —€(N,) < 0.
Recall that we have proved that h(0, N3) — 0 > 0. Therefore, by the intermediate value
theorem, there exists a £(Ny) € (0,£(NVy)), such that h({(Ny), No) — &£(Ny) = 0. In other
words, £(Ny), which is the solution to & = h(&, Ns), is less than £(N;). Since the selection of
Ny > N; > 1 is arbitrary, we know that §( ) is decreasing in N, ie., (N) < 0. With this
result and Eq. ., we can derive that v >0 and < 0. O
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