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Abstract

Traditional models of informed trading typically assume the existence of noise trading
activities which generate pure random noises in trading volumes. This paper studies a
multi-period model of speculative trading in the presence of a systematic component of
the noise trading activities which is privately observed by a monopolistic risk-averse in-
formed trader. Because of the incentive to hide the magnitude of informed trading, the
informed trader may comove with the mispricing caused by the systematic component of
noise trading instead of engaging in arbitrage. The result implies that an arbitrager who
has superior information on non-fundamentals such as investor sentiment may not always
reduce the mispricing caused by them given private information on fundamentals. This
paper demonstrates that market manipulation could easily occur in a standard Kyle model
with relatively mild assumptions if private information has more than two dimensions: (i)

fundamentals and (ii) non-fundamentals.
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1 Introduction

Would a rational arbitrager correct the mispricing caused by noises in trading volume? The
arbitrager might well trade against noise traders because he would benefit from engaging in
arbitrage activities as long as there is no market frictions such as short-sale constraint, limited
liability and limited investment horizonﬂ This paper attempts to answer the question in a
slight different situation where a certain portion of noise trading activities are systematic,
hence it is predictable to some degree. I assume that an arbitrager has superior information
on both the liquidation value of a risky asset and the systematic component of noise trading
activities. Since market makers attempt to predict the systematic portion of noise trading as
well, market makers’ forecasting error on the systematic component of noise trading causes
mispricing. The results show that the arbitrager may not always correct the mispricing caused
by noise trading even in the absence of any market friction as long as he has the incentive to
camouflage his informed trading to further exploit the private information on fundamentals.
While the arbitrager in limited arbitrage literature does not correct the mispricing due to the

frictions while the arbitrager in this model intentionally amplifies the mispricing.

This paper develops a dynamic model of informed trading in the presence of an autoregres-
sive component of noise trading and public information release. Kyle (1985) has shown that
a monopolistic risk-neutral informed trader gradually reveals his private information through
his trades over time when he holds private information on the risky asset. Holden and Subrah-
manyam (1992) and Holden and Subrahmanyam (1994) extend this finding by incorporating
competition among informed traders and risk aversion to the preference of informed traders.
Their result shows that both competition among informed traders and risk aversion of informed
traders make informed traders more aggressive in the initial stage, thus private information is
revealed more quickly. This paper extends Kyle model by adding a systematic component of

noise trading which follows an autoregressive process irrelevant to any fundamentals or infor-

'For example, Dow and Gorton (1994) show that an arbitrager who has limited investment horizon refrains
from arbitrage because of the cost-of-carry associated with holding an arbitrage portfolio over an extended
period of time.



mation. Furthermore, market makers in this model are allowed to collect public signals on the

liquidation value of a risky asset beside the information from trading volumes.

The main difference between competitive models (e.g. Grossman and Stiglitz (1980), Wang
(1993), Wang (1994) and He and Wang (1995)) and Kyle model (e.g. Kyle (1985), Holden and
Subrahmanyam (1992), Holden and Subrahmanyam (1994), Back, Cao, and Willard (2000),
Foster and Viswanathan (1996), and Bernhaedt and Miao (2004)) is that informed traders are
not price-takers in Kyle model, and their impact on the equilibrium price is incorporated in in-
formed traders’ optimization problem. Unlike competitive models, the inclusion of traders’ own

impact on the equilibrium price leads to extra technical complication in solving equilibrium.

This paper makes difference from the previous literature in the strain of Kyle model on
the following points: (i) This paper introduces a time-varying systematic component of noise
trading as another dimension of private information to the informed trader. Therefore, the
decision making of the informed trader is associated not only with his private information on
fundamental factors but also with non-fundamental factors. (ii) It features public signals, which
is observed by everyone in the economy. It enables us to explore the impact of public signals on
informed trading in the presence of predictable noise trading activities. The result shows that it
may force the informed trader to correct the mispricing instead of riding on it. (iii) To develop
a more flexible version of Kyle model in discrete time, this paper adopts a more generalized
approach similar to Wang (1994), and He and Wang (1995). This reformulation of Kyle
model is simply a mathematical reinterpretation of the model for achieving extra tractablity.
Thus, it does not alter any assumption in Kyle model, thereby keeping the properties of Kyle
model unchanged. One of the benefit of this formulation is that it enables the model to
feature dynamic learning of stochastic process using a linear filtering technique. This new
reinterpretation also reveals that that the informed trader’s demand for the risky asset at
each period could be decomposed into two separate components according to their trading
motives: (1) a corrective demand which is coming from a typical mean-variance demand for
the excess return as a price-taker, and (2) a manipulative demand which is driven by price-

controlling motives. This decomposition of the informed trader’s demand plays a key role



in revealing why the informed trader comoves with market makers’ forecasting errors on the
systematic component of noise trading instead of gaining immediate profit by engaging in
arbitrage. Particularly, the decomposition of the informed trader’s demand reveals that the
comovement with the mispricing is caused only by manipulative demand, i.e., the informed
trader suffers short-term losses to gain long-term profits by increasing noise in the market,

which is market manipulation.

There are some empirical evidence supporting that informed traders could have superior
information on noise trading activities. Brunnermeier and Nagel (2004) finds informed hedge
funds prefer to ride bubbles because of predictable investor sentiment and limits to arbitrage.
Chen, Hanson, Hong, and Stein (2008) finds that hedge funds engage in front-running strategies
that exploit the predictable trades of mutual funds. Besides empirical facts, it is natural to
assume that informed traders know more about noise trading activities since they are more
able to distinguish uninformed order flows from informed order flows due to their private
information. In case of pure random noises, however, even informed traders would not be
able to have better estimation of such irrational trading volumes simply because there is no
systematic patterns. As long as some systematic component persists in the uninformed order
flows over time, informed traders would be able to form better estimation of such systematic
components of uninformed order flows than other less informed traders. For the simplicity of
analysis, I assume that the informed trader can observe the systematic part of noise trading
directly at the start of every trading date while market makers attempt to learn it from the

aggregate order flows.

One of the potential interpretations of the systematic component of noise trading featured
in this paper is investor sentiment while other interpretations such as autocorrelated liquidity
shocks are still valid. Investor sentiment refers to individual investors’ irrational trading behav-
ior which is uncorrelated to any fundamental factors. Empirical literature such as Lee, Shleifer,
and Thaler (1991) suggests various phenomena unexplained by standard finance theory might
be driven by investor sentiment. De Long, Shleifer, Summers, and Waldmann (1990a) studies

a model where the unpredictability of investor sentiment deters rational arbitrageurs from cor-



recting investor sentiment. Furthermore, De Long, Shleifer, Summers, and Waldmann (1990b)
finds that rational speculation destabilizes the market when there exists noise trading in the

form of positive feedback trading.

The informed trader in this paper takes a bit different stance from the ones in De Long,
Shleifer, Summers, and Waldmann (1990a) or De Long, Shleifer, Summers, and Waldmann
(1990b). The informed trader correctly observes a systematic part of noise trading (or investor
sentiment) while he does not observe an unsystematic part (or pure noise). Therefore, the
informed trader attempts to exploit the situation where he holds more information about
noise trading compared to uninformed market makers. The informed trader in this economy
does not completely correct the systematic part of noise trading not because investor sentiment
poses extra risk to him but because it provides him with an extra camouflage in his trading

activities.

The idea of trading against one’s own private information has been studied by a large
volume of literature on market manipulation, which finds informed traders may trade in the
wrong direction to increase the noise in the trading volume. (e.g., Jarrow (1992), Allen and
Gale (1992), Allen and Gorton (1992), Chakraborty and Yilmaz (2004&))E| Most of papers
in this line of literature adopts other models than Kyle modelﬁ It is well known that an
equilibrium with manipulative trading in Kyle model is ruled out under standard assumptions
because of the monotonicity of the informed trader’s equilibrium trading strategy. There exist
a few exceptions which obtains manipulative trading with some variations of Kyle model such
as Chakraborty and Yilmaz (2004b) which assumes that market makers are not certain about
the existence of informed traders and possible trade sizes are finite, and Huddart, Hughes, and
Levine (2001) which assumes that there exist mandatory disclosure laws. This paper shows
that manipulative trading strategy could still easily happen in a variation of Kyle (1985) with
standard assumptions if private information has more than two dimensions: (i) fundamentals

and (ii) non-fundamentals. Therefore, this paper contributes to the literature of manipulative

2There are other types of market manipulation models such as Goldstein and Gumbel (2008), which studies
the case of manipulating the prices without private information in the presence of feedback effect.
3For example, Chakraborty and Yilmaz (2004a) adopt variations of Glosten and Milgrom (1985) model.



informed trading by showing it with a standard Kyle model in the presence of predictable noise
trading activities. That is, this paper proves that manipulative informed trading easily arises
when private information includes non-fundamentals in a standard Kyle model, which originally
rules out manipulative trading. Furthermore, this paper shows that such manipulative trading
could be mitigated by releasing public signals while such stabilizing impact of public signals
could deteriorate when public signals are correlated with the same systematic component of

noise trading.

The paper is organized as follows: In Section [2, I describes the investment opportunities,
participants in the trading, and information structure. In Section [3] I solve for the equilibrium
order flow of the informed trader and show the existence of a linear equilibrium . In Section [4]

I analyze the properties of the linear equilibrium using numerical analysis.

2 Model

Consider a multiperiod model of trading a risky asset where traders place market orders to
competitive market makers. Trading occurs at trading dates 1,...,7T — 1, and the liquidation
value of each share is paid to traders at the final date 7. This could be considered as T" — 1

sequential auctions with unit time intervals in Kyle (1985)’s notation.

2.1 Investment Opportunities

There are two assets in the economy, which are traded at trading dates 1,...,7 — 1: a riskless
asset yielding a return R with perfectly elastic supply, and a risky asset. Shares of assets are
infinitely divisible. I normalize the gross return of the riskless asset R to one for simplicity,
which makes holding each position of riskless asset equivalent to a cash position in the absence

of inflation. The liquidation value of the risky asset at the final trade date T is given by V.



2.2 Traders in the Economy

There are three types of traders in the economy: market makers, a single informed trader,
and uninformed noise traders. The informed trader and noise traders place market orders
to market makers. That is, the informed trader and noise traders simultaneously choose the
amount of shares they want to trade, then market makers set a price and trade the order
flow to clear the market. Market makers observe the aggregate order flows submitted by the
informed trader and noise traders, but do not observe the individual order flow submitted by
each trader separately. Therefore, the existence of noise traders prevents the equilibrium order

flow from fully revealing the informed trader’s private information.

2.2.1 Informed Trader

The monopolistic informed trader can observe both private and public signals of the fundamen-
tal value of the risky asset. The informed trader has an initial wealth of Wy, and does not have
any share of the risky asset initially. The informed trader has a constant absolute risk aversion
(CARA) utility function, and maximizes his wealth at the final date T, i.e. U(Wyr) = —e?V7
where v is a risk aversion parameter. Let AX; denote the informed trader’s order flow for the

risky asset at date t.

I keep the setting of a single informed trader for simplicity throughout the proof of the
existence of a linear equilibrium and numerical analysis. In Section I show that featuring
extra informed traders would not change the nature of market manipulation problem. As
it is shown in Holden and Subrahmanyam (1992) and Holden and Subrahmanyam (1994), a
multiple informed trader assumption simply makes informed traders more aggressive in the
initial stage due to competition. Therefore, increasing the number of informed trader does not

change the prediction of this paper in other way.



2.2.2 Noise Trader

Noise traders are uninformed, and trade for other reasons than information such as liquidity
reasons. Let AU; denote noise traders’ order flow for the risky asset at date ¢. The order
flows from noise traders consist of two components: (1) demand driven by a certain systematic

factor (or investor sentiment), (2) idiosyncratic shocks to noise traders’ demand.

The process of the systematic factor S; is given by a first-order autoregressive process:

Si+1 = asSt + €541 (1)

where —1 < ag < 1 and €g41 is a shock to the systematic factor at trade date ¢, which
follows normal distributions: €g;+1 ~ N(0, U?q’t +1)- Therefore, S; is fluctuating around zero,
and mean-reverting to zero in the steady state. Since S; is irrational demand which is indepen-
dent of fundamentals or information, it could be potentially interpreted as investor sentiment.
Although another interpretation of .S; is still possible, I will refer to S; as investor sentiment

from now on for convenience.

Finally, the total demand of noise traders at trade date ¢ could be written that
AUy = ay St + €ut+1 (2)

where ay is a non-negative scaling parameter and €41 is an idiosyncratic shock to noise
traders’ demand at date t, which follows normal distributions: eg ;41 ~ N (0,0[2] ¢ +1)' Note

that I will normalize it to one throughout the numerical analysis in Section [4

2.2.3 Market Maker

Market makers are risk neutral and competitive as in typical Kyle model. Since the competition
among market makers drive their profit to zero, the price is set to market makers’ expected

liquidation value of the risky asset at the final date T'. Although market makers observe public



signals, they are not able to observe private signals of the informed trader. Thus, they attempt
to infer private information of the informed trader using the aggregate order flow as well as

public signals.

Let AZ; denote the aggregate order flow by the informed traders and noise traders at date
t. i.e.

AZt = AXt + AUt .

2.3 Information Structure

The prior information of market makers about the liquidation value of the risky asset V and
investor sentiment S; before the first trade date is common knowledge, and assume that the

prior distributions are given by a certain distribution:

Vv v o? 0
~N A e ]
SO 0 0 1—(1%

where v is the mean of prior distribution of the liquidation value V. The prior of investor
sentiment before the first trade date, Sy, is given as its steady state distribution, and is

independent of the prior of the liquidation value of the risky asset.

The informed trader observes investor sentiment S; privately at each trade date t. However,
the informed trader is still not able to know investor sentiment in the future due its stochastic
nature of the process. On the other hand, market makers are unable to observe the investor
sentimentﬁ There are also public signals which both the informed trader and market makers

receive at date t before they engage in any trading activities:

Yi =V +aySi + evy, (3)

4Even when the informed trader is not assumed to observe S; directly, the informed trader would have
superior information on S; compared to market makers because he can infer past noise traders’ order flows
correctly from past aggregate order flows.



where ay is a non-negative constant, and ey is a shock to public signal at trade date ¢. For
example, the public signal Y; is not distorted by investor sentiment S; when ay = 0. On the

other hand, the public signal Y; is distorted by investor sentiment S; when ay > 0.

Both the informed trader and market makers observe the past history of prices of the risky
asset. Since market makers set the equilibrium price after observing the aggregate demand,
the informed trader does not observe the equilibrium price until the next period. Therefore,

the informed trader (I)’s information set at date ¢ is given by:
Fi ={Fo, V. Pry, S, Yz 1< 7 <t} (4)

where Fy denotes the common knowledge in the initial stage. On the other hand, a market

maker (M)’s information set is given by:

FM = {Fo, Pt ALY, 1< T < 8}, ®)

I will use the notation i = E[z;|F}] for any i € {I, M} (e.g. VM = E[x;|FM]). Now, I
define state variables and shocks to the economy: (i) Denote ¥y = (V; — P;_1, St — aggtj‘fl, Y —
Pr_1 —SM)T to be the vector of state variables. Since the informed trader can perfectly infer
market makers’ belief at each date t, one can easily observe that the informed trader knows
W, correctly given his information set F/ at trade date ¢, i.e. U/ = E[W,|F}] = ¥, (ii) Denote
et = (€S,441, €U 1415 6Y7t+1)T to be the vector of shocks to the economy which has not yet arrived
at trade date t. They are jointly normal, independent of each other, and independent over
time. That is, the distribution of &; is given by ;41 ~ N (0, X41) where ;11 is the covariance
matrix of the shocks in which diagonal elements are oét 1 a%’t 1 a%/,t 1 respectively and other

elements are all zero. Further assume that ; is independent of E[V|FM].

10



3 Equilibrium

3.1 Equilibrium Order Flow

Consider a linear equilibrium in the economyﬁ There are three state factors which determines
the equilibrium in this economy: fundamental factor (V — P;_;), investor sentiment factor
(S — asgg\fl), and public announcement factor (Y; — P—1 — ayasgg\fl). Each factor represents
the difference between the true value and market makers’ expectation of the liquidation value,
investor sentiment, and error in public signal, respectively. Note that the first factor exactly
matches the one in Kyle (1985) or Holden and Subrahmanyam (1994). This model requires two
more factors than typical Kyle models since it features investor sentiment and public signals.
The next theorem states that the equilibrium order flow of the informed trader at each trade

date are given as a linear function of state variables.

Theorem 1 In a linear equilibrium, the informed trader’s order flows for the risky asset at

trade date 1 <t < T are given by a linear function of state variables:
AXt = axvt(V - Pt—l) + bX,t(St - aSS',f\f'l) + CX7t(Y;5 - B&—l — ayaggi\i[l) . (6)
Equivalently,

AXy = ¥y, (7)

where ny = (axt, bxt,cxt) and Uy = (V — Py, S — asgg\fl, Y, — P11 — ayasgg\fl)—r.

I will prove this theorem by assuming the above order flow and finding the informed trader’s
optimal order flow is indeed the same in a linear equilibrium. First, I show the learning problem
of market makers, which determines the equilibrium price. Second, I solve the informed trader’s

optimization problem given the price function derived by the learning problem of market

SFirst of all, a linear equilibrium in this model makes more economic sense than potential nonlinear equilibria
if any. Past literature has conjectured that there is no other equilibrium than a linear equilibrium in Kyle model,
but has not been successful in showing it.
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makers. Third, I show that the informed trader’s optimal demand in equilibrium is indeed

equal to the initial assumption, which proves the existence of the linear equilibrium.

3.2 Conditional Expectation

As I have mentioned earlier in the previous section, market makers observe the aggregate order

flows, AZ; = AX; + AUy. Define

Ct = AXt + AUt + aX,tPt—l + bX7tCL5S%1 — CX,t(}/t — Pt—l — ayasgtl\{l) (8)

A~

Note that P;_q, St]\i[ , and Y; are all known to market makers at trade date ¢. Hence, observing
the current order flow is equivalent to observing (; given market makers’ information set from
the past period, .7-"% 1, and the public signal, Y;. That is, ¢; is a sufficient statistic for the
aggregate order flow AZ; in equilibriumﬁ It is straight forward to show that (; is equivalent

to

G =axVi + (bx + av)St + €v+1 9)

Market makers’ updating belief on V' at trade date t using (; and Y; could be solved by a

simple Kalman filter:

Theorem 2 Given the aggregate order flow for the risky asset and public news, VtM,S’,M 18

determined by the following linear filter:

G T (R TR Y (R T (P O I (ot
SM 0 as SM, kS, kY, Y — E[Y,| 7]

where k:%/t, k:gt, k:gt, k‘}g/t are constants.

Proof Sec i

5Tn equilibrium, the informed trader’s trading strategy n: = (ax,:, bx ¢, ¢x,t) is a common knowledge.

12



Since market makers are competitive and risk neutral, the equilibrium price is always equal
to market makers’ conditional expectation of the liquidation value at trade date t, i.e. P; =
E[V|FM] = VM. The informed trader’s excess return at trade date t is given by Q41 = V — P,
assuming that he has a perfect knowledge on the risky asset, and does not have any borrowing
constraints. The following lemma shows that the excess return from trading the risky asset at

trade date t is determined by the informed trader’s order flow, state variables, and shocks.

Lemma 3 The equilibrium excess return at trade date t is represented by a linear function of

AXt, \Ijt and Et41-

Qt+1 = aQt+1AX1 + b t+1Vt + cQt+16t+1 (10)

where ag 41 is a constant, and bg 141, cQ+1 are vectors of constants in proper order.
Proof See|Appendix Bl |}

3.3 Informed Traders’ Optimization problem

Since Q¢+1 =V — P4, the informed trader’s problem can be formulated as the following:

_ o~ WWr| ¢l
g ElelA] )

subject to Wis1 = Wi+ Qi1 AX,

This formulation of the informed trader’s problem is a generalized version of Kyle model, which
provides more flexibility in analyzing the informed trader’s dynamic decision making problem.
The main difference from a competitive market setting such as He and Wang (1995) is that

the excess return @11 is given as a function of the control variable AX,,

In the following lemma, I show that the law of motion for the state vector ¥, is an autore-
gressive process with exogenous input AX;. Unlike in competitive models such as Wang (1994)

and He and Wang (1995), the state process is also affected by the control variable. Therefore,

13



the informed trader is in fact able to affect the state process using the control variable for his

own benefit.

Lemma 4 The state vector Uy is an autoregressive process with an exogenous input AXy:
Uip1 = aw1AXy +bu 1V + w1641 (12)

where aw 14+1,bw 1+1, v 1+1 are matriz of constants in proper order.

Proof See |

Recall that the state vector at trade date t, Wy, is perfectly observed by the informed trader,
i.e. U; = E[W|F}]. Therefore, we can solve the informed trader’s optimization problem using
the excess return from Lemma [3] and the state process from Lemma 4 The Bellman equation

for the optimization problem is given by

0=Max  {B[J(Wipr; G5t + 1)IF] = T (Wi Ui )}
subject to Wit1 = Wi+ Qi1 AX,

J(Wp; U T) = —e T,
The solution for the optimization problem is derived according to the following lemmas:

Lemma 5 Suppose Qi1 and Yy are given by the following Gauss-Markov processes:

Qi+1 = aQi+1AX; +bQ1+1V¢ + cQivi1€t41

VUit1 = au1AXe +bw 1V + cu 16041

Then, the risk averse informed trader’s optimal order flow for the risky asset at date t is given

by a linear function of state vector at trade date t:

AX, = RV, (13)

14



where Fy is a vector of proper order.

Proof See 1

3.4 Solving the Equilibrium

Finally, the equilibrium is determined by solving the following equation system:
N = Ft forall 0<t<T (14)

where 7, is a vector of unknowns at date ¢ as is given in Theorem [I] and F} is a solution derived
using Lemma 3], Lemma |4l and Lemma [5| given n;. Therefore, the existence of solution proves
the existence of a linear equilibrium since it satisfies the assumption which I have made on
the equilibrium order flow at the start of Section Like other literature with Kyle model,

an analytical solution of the equation system cannot be obtained in general. The numerical

procedure of solving Equation is described in |[Appendix F

3.5 Components of the Informed Trader’s Order Flows

A further analysis on the informed trader’s order flow shows that it could be decomposed
into two separate components: (i) corrective demand which attempts to gain profits from
informational rent as a price-taker, (ii) manipulative demand which attempts to gain profits

from the price changes over time due to his own trading.

The result of of Lemma [5 in reveals that the informed trader’s optimal order

flow at trade date t is given by

1

AX; = ——
! 01 + 02

(B1 + B2)¥y

where d1, 02 are constants, and 31, 82 are 3-vectors. By looking at the solution in

one can observe that d1, 1 are not related to any of the informed trader’s impact on the excess

15



return nor the state process. On the other hand, d2, (o are directly linked to the informed
trader’s impact on the excess return and the state process. Therefore, the following theorem

is directly obtained from the result of Lemma

Theorem 6 The informed trader’s demand consists of two separate parts: (i) corrective de-

mand, (ii) manipulative demand:

1 09 ) < 1 01 )
AX;=| =0 — ———— Ui+ | =0 — ———— v 15
¢ (5151 51(51+52)51 t 5252 52(51+52)ﬁ2 ¢ (15)
corr’ectm;er demand manipulative demand

where 1,02 are constants, and (1, B2 are 3-vectors.

The first component is the informed trader’s demand as a price taker, which consists of (i) a
typical mean-variance utility maximizer as a price-taker: %Bl, and (ii) an adjustment term
due to the risk regarding his own price impact: —%ﬁl. The first term of corrective
demand is exactly the same as competitive investors’ demand in Wang (1994) or He and Wang
(1995)[] That is, corrective demand is defined as pure corrective demand ignoring his own

price impact plus an adjustment term to the exposure to the risk by his own price impact.

Similarly, the second component is the informed trader’s demand as a price manipulator,
which consists of (i) a mean-variance utility maximizer as a price-manipulator: é B2, and (ii)
an adjustment term due to the risk regarding his own corrective demand: —mﬁg. One
can also verify that the manipulative demand disappears at the final trade date T — 1 since

there is no more room for manipulating the state process.

3.6 Multiple Informed Traders

In this section, I will briefly show that the existence of multiple informed trader would not

fundamentally change the findings of this model except for changing the degree of the informed

"Note that risk aversion parameter v is included in §; unlike Wang (1994), He and Wang (1995) for its
notational difference.
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trader’s incentive of manipulative trading. More competition among the informed traders
accelerates the revelation of private information through prices, thereby reducing the gains

from market manipulation.

Instead of a single informed trader, suppose there are N informed traders who observe the
liquidation value of the risky asset as well as the investor sentiment at every period. I further
assume that they have identical preference, common knowledge and initial wealth. I denote
AX} to be ith informed trader’s order flow at date t, and AX; = Zf\il A X} to be the aggregate

order flow of N informed traders.

Lemma 7 The equilibrium excess return Q¢ and state vector Wy is given by an autoregressive

process with an exogenous input AXy:

Qi1 = aQi+1AXy +bg 111Vs + cQ 16141

Uit = avi1AXe + by 1V + co 116041

where aQ 441, 0Q,t4+1, CQ,t+1, AW 141, v 141, Cu 141 are matrices of constants in proper order. In

equilibrium, i’th informed trader’s order flow at period t is given by

1

AR TS

(B1 + B2) ¥y

where 61,085 are constants, and [y, P2 are 3-vectors. 01,31 are related to corrective motives of
trading while do, B2 are related to manipulative motives of trading. Furthermore, 61,31, 82 are

not functions of the number of informed traders N while &4 is a function of N.

Proof Sce 1

The result together with Theorem [6] shows that given all the things the same only the manip-
ulative demand would be changed as the number of informed traders N while the corrective

demand is unchangedﬂ Holden and Subrahmanyam (1992) and Holden and Subrahmanyam

8 Although parameter values would change, the functional form of 81, 81, 32 would remain the same regardless
of the number of informed traders.
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(1994) show that a multiple informed trader assumption makes informed traders more aggres-
sive in the initial stage due to competition. That is, with reasonable parameters 05 would be
an increasing function of N. With increasing ¢/ informed traders’ incentive of manipulative
trading would decrease, thereby increasing the share of corrective trading relatively. Therefore,
featuring the competition among multiple informed traders would not change the nature of
market manipulation found by this paper in the later section using numerical results while it

would strictly decrease the informed traders’ incentive of market manipulation.

4 Properties of Equilibrium

4.1 Informed Trading and Investor Sentiment

In this subsection, I assume that there is no public signal release in order to focus on studying

the relationship between informed trading and investor sentiment.

[Insert Figure 1 here]

Figure 1 shows the impact of investor sentiment on price efficiency by comparing market
makers’ uncertainty on the liquidation value of the risky asset with and without investor
sentiment. The information revelation through aggregate order flows is slower in the presence
of investor sentiment. Since investor sentiment provides extra noise to the aggregate order

flows, it naturally slows market makers’ learning.

[Insert Table 1 here]

Table 1 compares the informed trader’s equilibrium trading strategy between the case with
and without investor sentiment. The informed trader becomes more aggressive when there
exists investor sentiment. Even with the stronger intensity of informed trading, however, the

informed trader is able to keep market makers less informed about the liquidation value using

18



the camouflage of investor sentiment. By looking at the coefficients on investor sentiment fac-
tor, we can observe that the informed trader comove with market makers’ forecasting errors on
investor sentiment during earlier periods. Furthermore, such comovement with the mispricing
due to investor sentiment gets more severe until trade date t = 5, then grows down afterwards.
It can be also observed that the informed trader finally starts correcting the mispricing around
the final trade date. Indeed, it could be easily shown that the informed trader always finds it

optimal to correct investor sentiment at trade date T' — 1:

Corollary 8 When the informed trader’s optimization problem is a static problem instead of
a dynamic problem (i.e. t =T — 1), the informed trader’s optimal order flow is given by the

following:

V-P k\C/,t(St —asSM,)

AXy =
t Ft Ft )

where I'y = k\C/,t(2 + 'Yklc/,tU?],t—&-l)'

Since I'y, k‘C,,t are positive constanteﬂ Corollary |8 implies that the informed trader always bets
against market makers’ error of forecasting investor sentiment, S; — aSS’% 1 at the final trade
date T'— 1. Thus, if the informed trader ever bets on investor sentiment, it is because of
the dynamic property of his optimization problem. That is, the informed trader might find it
profitable to comove with investor sentiment because the expected profit which he will achieves
in the future by manipulating prices dominates the profit which he achieves by correcting
investor sentiment at the current period. The next result in fact reveals that the informed

trader comoves with investor sentiment out of price-controlling motives.
[Insert Table 2 here]

Table 2 reports the decomposition of the informed traders’ order flow into two separate

components defined in Section (i) corrective demand, and (ii) manipulative demand. It

9T, is positive due to the second order condition of the informed trader’s optimization problem. k‘c/,t could
also be shown to be positive at trade date T — 1 in the linear equilibrium.
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reveals that the comovement of the informed trader with investor sentiment is driven by his
manipulative demand rather than his corrective demand. We can clearly observe that the
corrective demand corrects the error in market makers’ forecasting investor sentiment in every
period, however, the manipulative demand which comoves with investor sentiment dominates
the corrective demand except for a few trade dates near the liquidation date 1. That is, the
manipulative demand overwhelms the corrective demand during early trading dates. While
correcting the mispricing due to investor sentiment could give short-term profits, comoving
with the mispricing give better long-term profits. The informed trader finds that the long-
term profits from comovement with investor sentiment factor overwhelms the short-term protifs
from correcting the mispricing during early trading dates. As a result, the informed trader
trades in the wrong direction regarding investor sentiment to increase the noise in the market
during early trading dates. The result is in line with recent empirical observations such as
Brunnermeier and Nagel (2004): the informed trader magnifies irrational demands of noise

traders during early periods of trading, and corrects it near the liquidation of the risky asset.

[Insert Figure 2 here]

Figure 2 shows market makers’ uncertainty about investor sentiment. Since investor sen-
timent evolves over time, the uncertainty goes back to the steady state level unless market
makers keep learning new information on it. The figure shows an interesting comparison with
Figure 1, which shows monotone-decreasing market makers’ uncertainty about the liquidation
value. While the uncertainty about the liquidation value is rather gradually decreasing, the
uncertainty about investor sentiment decreases rapidly at first, but picks up slowly afterwards.
When the final trade date is far away, the informed trader deliberately chooses to reveal less
about the liquidation value of the risky asset at the cost of revealing more about investor
sentiment by comoving with it. This shows a case where informed traders may ride a bubble
driven by investor sentiment for informational reason because informed traders are able to less

reveal their private information by leaning toward investor sentiment.

[Insert Figure 3 here]
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Figure 3 also shows that the price sensitivity to the aggregate order flow which could be
interpreted as the reverse of liquidity in the market. It reveals that investor sentiment provides
higher liquidity to the informed trader over all. However, the liquidity becomes suddenly lower
near the final trade date when there exists investor sentiment. It is because the aggregate
order flow becomes suddenly very informative near the final trade date because the informed
trader suddenly starts correcting investor sentiment. Since investor sentiment prevents private
information from being revealed, private information which would have been revealed without
investor sentiment gets accumulated over time without being revealed. Moreover, the informed
trader starts correcting aggressively the mispricing due to investor sentiment near the liquida-
tion of the risky asset. As a result, the revelation of these accumulated signals near the final
trade date with dampened noises from investor sentiment makes market makers more sensitive
to the aggregate order flows. Therefore, market depth would increase gradually with sharp

decrease just near announcements if informed traders have been manipulating the market.

4.2 Informed Trading and Public News

In this section, I study the impact of public singals on informed trading. The release of public
information weakens the informed trader’s incentive to manipulate the market, however, such
stabilizing effect of public information would deteriorate if public information is also distorted
by investor sentiment. The result is robust whether information release is given as a single

shock or sequential shocks.

4.2.1 Single Public Information Release

Consider the arrival of a single public signal at one specific date t = 3. The variance of the
signal is given by oy3 = 1, and oy, = 106 for all ¢ # 3. i.e., the accuracy would be considered

as 1/oy3 =1, and 1/oy; = 1/10% ~ 0 for all ¢ # 3.

[Insert Figure 4 Here]
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Figure 4 reports market makers’ uncertainty about the liquidation value when there is a
public announcement at t = 3. It shows that the uncertainty reduction due to the pubic

announcement is bigger when the public signal is not affected by investor sentiment.

[Insert Table 3 and Table 4 Here]

Table 3 and 4 show the informed trader’s trading strategy when there is a relatively accurate
public announcement at date ¢ = 3. We can observe that the informed trader corrects the
mispricing due to investor sentiment before the announcement date t = 3 unlike the case
without any pubic announcement. Therefore, the release of public information stabilizes the
market by mitigating the informed trader’s incentive to manipulate the market. We can also
observe that correction of the mispricing due to investor sentiment when the announcement is
affected by investor sentiment (Table 4) is weaker than the correction of the mispricing when the
announcement is not affected by investor sentiment (Table 3). Therefore, the price-stabilizing

effect of the public signal is reduced when the signal is distorted by investor sentiment.

4.2.2 Sequential Public Information Release

Consider sequential arrivals of public signal at each date. Note that the signal is chosen to be
relatively noisier compared to the single information shock case: oy; = 5 for all 0 <t < T.

i.e, the accuracy of signals could be considered as 1/oy; = 0.2 for all 0 < t < T.

[Insert Figure 5 Here]

Figure 5 reports a similar result as the single arrival of public signal about the price
efficiency. It shows that the uncertainty reduction due to the pubic announcement is bigger

when the public signal is not affected by investor sentiment.

[Insert Table 5 and Table 6 Here]
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Table 5 and 6 show the informed trader’s trading strategy with public signal arriving at
each trade date. As the case with single information shock, we can observe that the intensity of
riding the mispricing due to investor sentiment becomes weaker compared to the case without
any public signal. We can also observe that the correction of investor sentiment when public
signal is affected by investor sentiment (Table 6) is weaker than the one when public signal is
not affected by investor sentiment (Table 5). It also confirms that the price-stabilizing effect

of public signal is reduced when the signal is distorted by the same source of noise.

Therefore, this section develops an implication for the policy of market stabilization. Not
surprisingly, pubic information needs to be revealed as much as possible to mitigate the desta-
bilizing impact of market manipulation. Furthermore, such public signal needs to be free from
the source of noise in the market. For example, the release of news which are potentially af-
fected market prevalent investor sentiment would not be very helpful for stabilizing the market

according to the prediction of this paper.

5 Conclusion

This paper attempts to answer the question whether a rational arbitrager who has superior
information about non-fundamental factor such as noise trading activities would reduce the
mispricing caused by such non-fundamentals in the market. I analyze a dynamic model of
informed trading in the presence of an autoregressive component of noise trading which is
privately observed by a monopolistic risk-averse informed trader. To develop a more flexible
version of Kyle model in discrete time, this paper adopts a more generalized approach similar
to Wang (1994), and He and Wang (1995). Using the reinterpreted version of Kyle model, this
paper shows that the informed trader’s demand for the risky asset at each period could be
decomposed into two separate components according to their trading motives: (i) a corrective
demand which is a typical price-taking mean-variance demand for the excess return, and (ii)
a manipulative demand which is driven by price-controlling motives. The result shows that

the informed trader may ride on the mispricing caused by the systematic component of noise
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trading during early periods of trading, and only start correcting it near the liquidation of the
risky asset. The decomposition of the informed trader’s demand reveals that such comove-
ment is caused by manipulative demand, i.e., the informed trader suffers short-term losses to
gain long-term profits by increasing noise in the market, which is market manipulation. The
informed trader chooses to comove with irrational demands because such comovement allows
him to reveal less information through his trading volume, which leads to more profit in later
periods. Furthermore, I show that the release of public signals help stabilize prices to some
degree since it reduces the informed traders’ incentive to manipulate the market. However,
such price-stabilizing effect of public information is severely weakened when public information
is also distorted by the same irrationality of noise traders. The result implies that an arbitrager
who has superior information on non-fundamentals such as investor sentiment may not always
reduce the mispricing caused by non-fundamentals given private information on fundamentals.
This paper demonstrate that manipulative trading could occur under standard Kyle model

setting if private information includes both fundamentals and non-fundamentals.

Appendices

Appendix A

Linear filtering problem could be solved by a standard algorithm called Kalman filter. (For
example, see Hamilton (1994) or Wang (1994))

Lemma A.1 Let & denote a n-vector of state variables, y. denote a m-vector of observed

signals. Suppose the dynamics of ys is given by the following system of equations:

&t

A1+ Byeg

yr = Hi& +eyy
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where A¢, By and Hy are matrices of parameters of dimension n X n,n X k,m x n, respectively.
€¢t and ey are k-vector and m-vector of innovations, respectively. ey and €, are independent,
and their distributions are given by ec¢ ~ N(0,Q;) and €y ~ N(0,R;). Then, the conditional

expectation and variance of & is given by the following recursive filters:

~

& = A1+ Ki(yr — HiA 1) (A1)

O; = (I, — K;H;)(A:0;_1A] + B;Q;B/") (A.2)

where Kt = (AtOt_lA;r + BtQtB;r)HtT[Ht(AtOt_lA;r + BtQtBtT)HtT + Rt]_l, and In 1S a

(n x n) identity matriz.

Proof of Theorem [4: In case of market makers’ filtering problem, the state variables are
& = (V,8;) " and the observed variables are y; = ((;,Y;)". Also, innovations are given by

€t = €S141, €yt = [€ULH1, ext]—r, and coefficients are given by

1 0
At = )
0 ag
0
Bt = )
1
ax: ay +bxy
Ht = )
1 ay
Qt = Ug‘}t+1 )
2
o 0
R, = U+l
0 U%t
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Using Lemma we could derive the following Kalman filter of market makers:

v}M _[to @_ﬁ I sl
M 0 as ) \ S, Y, — E[vi| 7]

where Kt = (AtOt_lA;r+BtQtB:)HtT[Ht(AtOt_1A;r+BtQtB;r)HtT+Rt]_1. AISO, the mean-

square error of forecasting is given by

O, = (I, — Kth)(AtOt—lA;r +BtQtB;r)-

Appendix B

Proof of Lemma [3:

Since E[¢|FM,] = bx Vi and E[Y;|FM,] = V4, it could be shown that

VM o= VM 4 kg/,t[ft — (ax VM + (bxs + av)agSM)] + kv, [V — (VY + avasSy))]
= VM + kg/,t[AXt + AU+ ax Py + bxasSM | — exi(Ye — Py — ayasSMy)
—(ax, VM + (bxe + av)asSM )] + k,(V — Py — ayvasS)

= P11+ k“%tAXt + aUk“C/yt(St — ass't]\fl) -+ (—CX,tk"</7t + k‘};’t)(Y;g — P - ayass'ﬁl) + k’\C/,tEU,t—i-l .
Since Q¢+1 =V — P;, the excess return is given by

Qi1 = —ky AXi+ (V= Pioy) — auky, (St — asSM)) + (exaksy, — k) (Y — Py — ayagSPy)

_k\c/7t6U,t+1 .
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Equivalently, the equilibrium excess return at date ¢ could be represented as

Qt+1 = aQt+1AXt +bQt+1Vt + cQ t+18141

where
aQ+1 = _k\C/,t’
b = (1,—apkt kS, — ki,
Qi+l = » TAURY 1 CXthy e = Ry )
coir1 = (0, _k\c/,tv 0).
i
Appendix C
Proof of Lemma [J:
Note that
V—P = —ki,,AX;+ (V= Pi_1) — auki,,(S; — asSM))
+(CX,tk‘C4t — kY (Vi — Pioy — ayasSM) — k‘\g/,tEU,tH?
Sii1 — (155’,{\4 = —agkgtAXt +ag(1l— aUk;gvt)(St — asS'%l)
—i—ag(cxikg,t — k‘?g/t)<}/t — P - ayasgtM) - GsquytﬁU,t—&-l + €541,
Y;g+1 — P — ayaSStM = (V — Pt) + ay(St+1 — asgtM) + €yt

Therefore, it is straight forward to show that

Vi1 = awi+1AX: + 0w 141V + cpiyi€i41
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where

Qpt+1 = (_kg/,t’ —asqu’t, _kgf,t B aYaSkg,t)T’
1 —aUk‘C/’t cX,tk\C/,t - k\x;,t
byi1 = 0 as(1l — angJ) aS(CX,tkg‘,t - kg’,t) ’

1 —aUk‘C/’t +ayag(l— ang’t) cxjtk%&,,t — k% + ayag(cxjtkgvt — k}S'/t)

Cot+1 — 1 —agkgt 0

Appendix D

There is a standard formula which computes the certainty equivalence of expected utilities in

case of CARA utilities. (For example, see Dow and Rahi (2003))

Lemma D.1 Suppose A is a symmetric m x m matrixz, b is an m-vector, d is a scalar, and w
is an m-dimensional normal variate: w ~ N(0,X), ¥ positive definite. Then, we can find the

following certainty equivalence of expected utilities if (I — 2XA) is positive definite

1
E[exp(wTAw 1 bTw+ d)] = |1 — 28473 exp bbT(I — 9% A)18b + d. (D.1)

Proof of Lemma [5:

Conjecture that the value function has the form as the following;:

1
J(Wi; Wy t) = —eXp<—’YtWt - §‘I’tTQt‘Pt + Ht) (D.2)
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Then, it leads to

E[J(Wig1; Uyp;t + 1) F]

1
= F|- eXP(-%+1Wt+1 — 5(‘I’t+1TQt+1‘1’t+1) + Ht+1) }-tI:|

= E|- eXp(—’}/t+1{Wt + AXi(aQ+1AXe +bg 141V + CQ,t+1€t+1)}

Fl ]

1
- §(Q\I/,t+1AXt + by 1V + cw i) Q1 (aw 1 AXy + by 19 + copr1i41) + fit+1)

= E|- GXP<—%+1{Wt + AXi(agi+1AX: + bQ,t+1‘Pt)}

1
- E(G\D,t—&—lAXt + by 19) T Qi1 (aw i1 AX + by 410

-
- {'7t+lcg7t+1AXt + g1 Qs (aw 1 AX; + bq},t+1‘1’t)} Et+1

Fl ]

1
TT
— §5t+1 C\p,t+19t+10\p,t+1€t+1 + Ht+1)

Using Lemma it can be shown that

E[J(Wig1; Opa;t + 1)|F

= —pt+1€Xp <—’Yt+1{Wt + AX(agQ+1AX: + bQ,t-{-l\I/t)}

1
— ~(ag 11 AX; + b\IJ,t+1‘I’t)TQt+1(G\1/,t+1AXt + by 1+1V¢)
2

1 T
+ 5{%+1CZ)¢+1AXt + ey Qi1 (aw 1 AX; + b\p,t+1‘11t)} Et+1

X {%+1Cch,t+1AXt + g Qe (0w AX + bw,t+1‘1’t)} + fft+1>

where Z41 = (57 4 ¢y Qprcwe1) ™ and prn = V[Eal/[Seal.

The first-order condition yields

(01 + 62)AXy = (B1 + B2) ¥y
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where

2 = T
01 = Yi1CQt+15t4+1CQ 141

T T Te= T
02 = —2410Q4+1 — Ay 110w + (o1 Qep1a9,41) Brprcy 1 Q10w

= T
+ 2941Q t+1Zt+1Cy 111 +10w 141
G = b — RTINS o TR
1 = Y101 — Q1210 141 2e410w 141)

T T T Te T
B2 = agp1r1bu i — (Co 1 Qr100,011) Zer10y 401 Qe 10w 41

Therefore, the solution for the optimization problem is given by
AXt = Ft\Ift, for all 1 <t< T (Dg)

where F; = (61 + 52)_1(51 + B2).

The second-order condition yields the condition for optimality:

01 +02>0 (D.4)

Define

M, = F (6,4 68)F,
— (cd i1 Us1bw 1) T Eera (g Qgrbur)

.
+ by 141 Q410w 141

Then, we derive

1
E[J(Wit1; Yyyrst + 1) F = —prsa 6XP<%+1Wt - §‘I’tTMt‘1’t + Iit+1> (D.5)
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From and, we obtain the following for ¢t < T
Yo = Vi1, Q¢ = My, and Ky = Ky — 21og pyi1, (D.6)
and for t =T
yr =7, Qr = 033, and k7 = 0. (D.7)

where O3 3 is a 3 X 3 matrix of zeros. Then, we can recursively solve for A\;, {; and x;, which

proves the conjecture on the value function is indeed correct. |

Appendix E

Proof of Lemma [7: Assume the same order flow of each informed trader’s order flow in
Theorem [1| Then, the sufficient statistic at date ¢ which market makers observe in case of N

informed traders is defined as

G = AXy+ AU+ Nax Py + NbxasSM, — Nex (Y — Py — ayasSM,) (E.1)

= Na)(’tv + (Nbxyt + aU)St + €U tr- (E?)

Define a’y , = Nax, b, = Nby;. By simply substituting ax,bx; and AX; with a'y, by,
and AX; in the proof, we could obtain the same result for Theorem [2 Lemma [3] Lemma [4]

Now, I replicate the proof of Lemma |5l Trader i’s expected utility given the same conjecture

as in (D.2) is given by

E[J(W}q; Ueyr;t + 1) F)

= F |:— exp<—7t+1{Wti + AX;(CLQ¢+1AX,§ + bQ,t—l—l\I’t + CQ,t+1€t+1)}

1
- E(G\P,t-&-let + by i1V + cpirieiit) Qi1 (aw i1 AXy + by 1V + o pr16e1) + fit+1)
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Define AX; to be the average of the other informed traders’ order flows. Therefore, the
aggregate informed order flow is given by AX; = AX} + (N — 1)AX;. Substituting this into

ith trader’s expected utility and evaluating the first-order condition yieldﬂ
(01 + 02)AX} + (N = 1)(62 — 7t+16Q,t+1Et+1C$,t+1Qt+1a\p,t+1)AXt = (81 + (2) ¥y

where 01,82, 31, 32 are identical to the solution in As in Holden and Subrah-
manyam (1992), AX} = AX; in equilibrium. Substituting this yields the equilibrium order
flow of ith informed trader

AX] = (01 + 05) 7 (B1 + B2) ¥y

where

/ — T
0y = N(02 = Y4+1€Qt+1Z1+1Cw 111 U4+10w 141)-

The rest of the proof stays the same, and it proves the initial conjecture of equilibrium order

flow is indeed correct. Thus, it finishes the proof. |}

Appendix F

Numerical Procedure for Section [3.]): I follow a similar scheme as in Holden and Sub-
rahmanyam (1994) to obtain numerical solutions for the equation system . First, I assume
an arbitrary value for market makers’ mean-squared error of forecasting at the final date T,
which is denoted by O7. By the definition of market makers’ mean-square of forecasting at

trade date ¢, the following should be true:

\% Vs

~ Ot+1 Ot
Ors1 = Vs S

Opr1 Opy1

00ne is advised to follow the same step in [Appendix D
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where

oy = E[(Vi— VM)V — VM FM],
ol = E[(Vi— VM8, - SM)|FM),

of1 = E[(Se—SM) (S — SM)|IFM.
Note that

G = axiV+ (bxs+ay)S:t+ evitt, (F.1)

Y; = V+aySi+evy. (F.2)

Using (F.1) and (F.2), Kalman gain matrix K; can be easily derived using Oyy1 like the

following:

1

ko = ——laxgofi + (bx +av)of ], (F.3)
OUt+1
1
Y v Vs
ky, = ——[of41 +ayvo 3] (F.4)
Oyt
1
kg,t = 2 [aX,tOXS + (bX,t + aU)Of+1]7 (F5)
OUt+1
1
Y V7 S
ks, = —5—log +ayop] (F.6)
Oyt

Therefore, it allows us to solve for nr_1 at date T'— 1. Then, OT_l could be solved like

the following:

1

of = D, [(1 — (bx.t + av)ky, — ayky)otsy + [(bx + av)ky,, + ayk‘}//',t]OXi-si] ;

1
oS = | Ot akS, = av ol + (o -+ a kS, + avkfdofa |
t
S 1 ¢ Y\ VS ¢ Y18 5

°% = 2p [(aX,tkS,t + ko + (1 —axqky, — kv,t]0t+1] -

Agl/t ayg
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where
Dy = |1+ [axsay — (bxy + av)](ky kY, — kg kY ,) — ax ki, — kv, — (bxa + av)kg, — ayky,|.

I continue to solve for n7_o, and so on until I solve for Oo. Using trial and error method, find

Or which leads to Oy = Op, which completes solving the equation system numerically.
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Figure 1. Mean-squared error of forecasting the liquidation value (0}) over time

with or without investor sentiment

Market makers’ mean-squared error of forecasting the liquidation value at trade date t is
given by of = E[(V — VM)(V — VM)|FM]. The line with black squares denotes o} without
investor sentiment, which corresponds to Holden and Subrahmanyam (1994). The line with
white squares denotes o} with investor sentiment (05 = 0.2). Public signals are not given.

Parameter values are given by T'=10, vy =4, oy =1, oy =1, ay = 1.

37



Without investor sentiment | With investor sentiment

t ax ax bx.t

1 0.4958 0.5329 0.0308
2 0.5605 0.6439 0.0635
3 0.6341 0.7528 0.0913
4 0.7182 0.8622 0.1125
5 0.8153 0.9752 0.1238
6 0.9322 1.0948 0.1171
7 1.0877 1.2249 0.0742
8 1.3431 1.3765 -0.0485
9 2.0122 1.6678 -0.3517

Table 1. Coefficients of informed trading on fundamental factor V — P,_; and

investor sentiment factor S; — asSM, with or without investor sentiment

ax,; denotes the coefficient of the informed trader’s order flow at trade date ¢ on fundamental
factor V' — P;_1. bx; denotes the coefficient of the informed trader’s order flow at trade date
t on investor sentiment factor S; — aggtj‘f 1- The first column reports the coefficients on order
flow without investor sentiment, the next two columns report the coefficients on order flow

with investor sentiment (0g = 0.2). Public signals are not given. Parameter values are given

byT=10,7:4, JV:I, UU:L CLU:1.
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Trading strategy | Corrective demand | Manipulative demand

t| axy bx ¢ ax bx ¢ ax bx ¢

1105329 0.0308 | 0.8469 -0.1710 | -0.3140 0.2018
210.6439 0.0635 | 1.0563 -0.1815 | -0.4124 0.2451

3107528 0.0913 | 1.2680 -0.1932 | -0.5153 0.2844
4108622 0.1125 | 1.4815 -0.2062 | -0.6193 0.3187
5109752 0.1238 | 1.6912 -0.2211 | -0.7160 0.3448
6| 1.0948 0.1171 | 1.8829 -0.2393 | -0.7881 0.3564
711.2249 0.0742 | 2.0249 -0.2647 | -0.8000 0.3389
8 | 1.3765 -0.0485 | 2.0399 -0.3051 | -0.6633 0.2566
9|1.6678 -0.3517 | 1.6678 -0.3517 0 0

Table 2. Informed trader’s trading strategy and the decomposition

ax, denotes the coefficient of the informed trader’s order flow at trade date ¢ on fundamental
factor V — P;_1. bx; denotes the coefficient of the informed trader’s order flow at trade date ¢
on investor sentiment factor S; — aggt]‘f 1- The first two columns report the informed trader’s
strategy which are the sums of competitive and manipulative demands, and the next four
columns report the decomposition of it. Public signals are not given. Parameter values are

given by T' =10, y=4, 0y =1,05 =02, 0y =1, ay = 1.
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Figure 2. Mean-squared error of forecasting investor sentiment (07) over time

Market makers’ mean-squared error of forecasting investor sentiment at trade date t is given
by of = E[(S; — SM)(S — SM)|FM]. The line with white squares denotes o} with investor
sentiment (og = 0.2). Public signals are not given. Parameter values are given by 7' = 10, v =

4, (TV:l7 JU:L 0520.2, aU:L
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Figure 3. Liquidity over time with or without investor sentiment

Liquidity parameter is measured by the price sensitivity to the aggregate order flow (k‘g/t)
The line with black squares denotes liquidity with investor sentiment. The line without white
squares denotes liquidity without investor sentiment (ocg = 0.2). Parameter values are given

byT:10,7:4, JV:I, UU:L aU:1.
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Figure 4. Price efficiency parameter o} over time in the presence of public signals
Price efficiency parameter is measured by market makers’ mean-squared error of forecasting
at trade date t, i.e. of = E[(V — VM)(V — VM)]. Solid line denotes o} when the public
signal is not affected by investor sentiment, i.e. ay = 0. Dotted line denotes o} when the
public signal is affected by investor sentiment, i.e. ay = 1. Parameter values are given by

T=10,y=4,0y =1, 05 =0.2,0py = 1,0y, = 10 for all t # 3,0y, = 1 for t = 3,ay = 1.
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i Corrective demand Manipulative demand
t| axg bx.t CXt ax.t bx. CXt ax. bx.t CX.t
11 0.5594 -0.0685 0 0.7786 -0.2078 0 -0.2192  0.1393 0
2 10.7341 -0.2025 0 0.8244 -0.2603 0 -0.0902  0.0578 0
3| 1.0107 0.0942 -0.3738 | 1.8068 -0.2442 -0.6917 | -0.7961 0.3384 0.3179
41 1.1893 0.1052 0 2.1247 -0.2641 0 -0.9354  0.3692 0
5| 1.3876  0.0813 2.3517 -0.2835 0 -0.9641  0.3648 0
6 | 1.5590 0.1532 0 2.9144  -0.2995 0 -1.3554  0.4528 0
7| 1.7627  0.0984 0 3.1210 -0.3253 0 -1.3582  0.4237 0
8| 2.0012 -0.0483 0 3.1116  -0.3615 0 -1.1105 0.3131 0
9| 2.4984 -0.3827 0 2.4984 -0.3827 0 0 0 0

Table 3. Informed trader’s trading strategy and the decomposition given public

announcement at ¢t = 3 without distortions by investor sentiment

ax,; denotes the coefficient of the informed trader’s order flow at trade date ¢ on fundamental
factor V' — P,_1. bx,; denotes the coefficient on investor sentiment factor Sy — @SS%y cxt
denotes the coefficient on public signal factor Y; — P — ayaSS't]‘iI 1- The first three columns
report the informed trader’s strategy which are the sums of competitive and manipulative
demands, and the next six columns report the decomposition of it. Parameter values are given

by T=10,y=4, 0y =1, 05 =02, 0y =1, oy; = 10 for all t # 3,0y = 1 for t = 3, ay =

0, ay = 1.
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Trading strategy Corrective demand Manipulative demand
t| axg bx.t CXt ax.t bx. CXt ax. bx.t CX.t
110.5590 -0.0525 0 0.7867 -0.2000 0 -0.2276  0.1475 0
210.7335 -0.0556 0 0.8558 -0.1807 0 -0.1223  0.1251 0
3| 1.0069 0.1309 -0.3305 | 1.7814 -0.2275 -0.5606 | -0.7745 0.3584 0.2301
4| 1.1295 0.1365 0 1.9997 -0.2428 0 -0.8701 0.3793 0
51 1.2558  0.1502 2.2626 -0.2581 0 -1.0067 0.4083 0
6] 1.3943 0.1313 0 2.4627 -0.2772 0 -1.0684 0.4085 0
7 | 1.5455  0.0846 0 2.6297 -0.3016 0 -1.0842 0.3863 0
8 | 1.7297  -0.0646 0 2.5726 -0.3391 0 -0.8429 0.2745 0
9121041 -0.3699 0 2.1041 -0.3699 0 0 0 0

Table 4. Informed trader’s trading strategy and the decomposition given public

announcement at ¢t = 3 with distortions by investor sentiment

ax,; denotes the coefficient of the informed trader’s order flow at trade date ¢ on fundamental
factor V' — P,_1. bx,; denotes the coefficient on investor sentiment factor Sy — @SS%y cxt
denotes the coefficient on public signal factor Y; — P — ayaSS't]‘iI 1- The first three columns
report the informed trader’s strategy which are the sums of competitive and manipulative
demands, and the next six columns report the decomposition of it. Parameter values are given

by T=10,y=4, 0y =1, 05 =0.2,0p =1, oy; = 100 for all t # 3,0y = 1 for t = 3, ay =

1, ay = 1.
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Figure 5. Mean-squared error of forecasting the liquidation value (o)) over time

with or without distortions in public signals

Market makers’ mean-squared error of forecasting the liquidation value at trade date ¢ is given
by of = E[(V — VM)(V — VM)|FM]. The line with black squares denotes o} without public
signals. The line with white squares denotes o} with distorted public signals (ay = 0). The
dotted line with white circles denotes o;” with undistorted public signals (ay = 1). Parameter

values are given by T'=10, v =4, oy =1, 05 =02, oy =1, oy =5, ay = 1.
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Trading strategy Corrective demand Manipulative demand

t| axg bx ¢ CX it ax.t bx ¢ cx b ax. bx ¢ cxX b

110.5654 -0.0251 -0.0217 | 0.8256 -0.1922 -0.0318 | -0.2602 0.1670 0.0100
210.6929 0.0116 -0.0206 | 1.0627 -0.2032 -0.0321 | -0.3698 0.2148 0.0115

310.8214 0.0470 -0.0192 | 1.3165 -0.2149 -0.0319 | -0.4950 0.2620 0.0127
410.9535 0.0782 -0.0179 | 1.5851 -0.2281 -0.0313 | -0.6317 0.3063 0.0134
5| 1.0917 0.1002 -0.0166 | 1.8604 -0.2434 -0.0303 | -0.7687 0.3435 0.0136
6] 1.2392 0.1034 -0.0156 | 2.1221 -0.2619 -0.0287 | -0.8829 0.3654 0.0131
7| 1.4005 0.0674 -0.0147 | 2.3277 -0.2874 -0.0262 | -0.9272 0.3548 0.0115
8 | 1.5891 -0.0546 -0.0142 | 2.3780 -0.3265 -0.0223 | -0.7889 0.2719 0.0081
9119571 -0.3643 -0.0151 | 1.9571 -0.3643 -0.0151 0 0 0

Table 5. Informed trader’s strategy and the decomposition given sequential

public signals without distortions by investor sentiment

ax,; denotes the coefficient of the informed trader’s order flow at trade date ¢ on fundamental
factor V' — P,_1. bx,; denotes the coefficient on investor sentiment factor Sy — @SS%y cxt
denotes the coefficient on public signal factor Y; — P — ayaSS't]‘iI 1- The first three columns
report the informed trader’s strategy which are the sums of competitive and manipulative
demands, and the next six columns report the decomposition of it. Parameter values are given

by T=10,v=4, oy =1, 09 =02, oy =1, vat:5fora110<t<10, ay =0, ay = 1.
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Trading Strategy Corrective demand Manipulative demand

t| axg bx ¢ CX it ax.t bx ¢ cx b ax. bx ¢ cxX b

11]0.5644 0.0051 -0.0216 | 0.8416 -0.1781 -0.0307 | -0.2772 0.1831 0.0091
21 0.6909 0.0488 -0.0189 | 1.0859 -0.1877 -0.0286 | -0.3950 0.2365 0.0097

31 0.8147 0.0866 -0.0166 | 1.3369 -0.1991 -0.0262 | -0.5222 0.2857 0.0097
4109383 0.1159 -0.0145 | 1.5911 -0.2127 -0.0237 | -0.6528 0.3286 0.0092
5| 1.0645 0.1326 -0.0126 | 1.8393 -0.2286 -0.0209 | -0.7748 0.3612 0.0083
6| 1.1962 0.1281 -0.0110 | 2.0629 -0.2482 -0.0179 | -0.8667 0.3762 0.0069
7113373 0.0834 -0.0093 | 2.2245 -0.2748 -0.0145 | -0.8872 0.3582 0.0052
81 1.4992 -0.0458 -0.0075 | 2.2369 -0.3157 -0.0105 | -0.7377 0.2699 0.0030
9] 1.8161 -0.3585 -0.0054 | 1.8161 -0.3585 -0.0054 0 0 0

Table 6. Informed trader’s strategy and the decomposition given sequential

public signals with distortions by investor sentiment

ax,; denotes the coefficient of the informed trader’s order flow at trade date ¢ on fundamental
factor V' — P,_1. bx,; denotes the coefficient on investor sentiment factor Sy — @SS%y cxt
denotes the coefficient on public signal factor Y; — P — ayaSS't]‘iI 1- The first three columns
report the informed trader’s strategy which are the sums of competitive and manipulative
demands, and the next six columns report the decomposition of it. Parameter values are given

by T'=10,v=4, 0y =1,05=02,0p =1, oyy =5forall0 <t <10, ay =1, ay = 1.
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