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explained by noise trading. Therefore, behavioral senttiean important driving

force behind some of the well-documented stylized factsnit brder markets.
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1. INTRODUCTION

Recently, various stylized facts in limit order marketsénbeen documented in mar-
ket microstructure literature. According to surveys by Kraaorti, Toke, Patriarca and
Abergel (2011a), Chen, Chang and Du (2012) and Gould, R&d#rams, Fenn and
Howison (2013), apart from the stylized facts in the timaeseof returns, including
fat tails, the absence of autocorrelation in returns, udlatlustering, long memory
in the absolute returns, the limit order has its own styliteeds, such as long memory
in the bid-ask spread and trading volume, hump shapes in oheath profiles of or-
der books, non-linear relationships between trade imisaland mid-price return, and
diagonal effect or event clustering in order submissioe$ypvhich are the most com-
mon and important statistical regularities in limit ordeankets. They have become
the most important criteria to justify the explanatory powéfinancial market mod-
els, in particular agent-based models in limit order markéth a continuous double
auction.

Among these agent-based models of market microstructateatie able to repli-
cate some of the stylized facts, they are either zero-igegice models or heteroge-
nous agent models (see Chakraborti, Toke, Patriarca andj@li@011b), Chen et al.
(2012) and Gould et al. (2013)). The zero-intelligence nmdssume that traders’
behavior is very simple (without learning or strategy), déimel stylized facts are gen-
erated by trading mechanism, instead of agents’ strate&giawor. Some of them are
able to generate fat tails, but only a few can generate Vityatiustering (Raberto and
Cincotti (2005)), and event clustering in order submissymes (Ladley and Schenk-
Hoppé (2009)). Different from the zero-intelligence misgde¢he heterogenous agent
models consider agents’ strategic behaviors as potenxjpdations to the stylized
facts. For example, chartist-fundamentalist models fiad tie chartist behavior con-

tributes to fat tails, volatility clustering (see Anufriamd Panchenko (2009), Chiarella,
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lori and Perello (2009) and Chiarella, He and Pellizzabil(2)) and the diagonal effect
in correlations of some order submission types (Kovalewhlar (2014)). However,
replicating most of these stylized facts simultaneousigaims very challenging for
agent-based modeHsAs Gould et al. (2013) point outnd single model has yet been
capable of simultaneously reproducing all of the statatregularities, and there is
no clear picture about how the stylized facts emerge as asgprence of the actions
of many heterogeneous tradérs

Motivated by Chen et al. (2012) and in particular Gould et(2013), in this pa-
per we explore the unique role played by behavioral sentinmeexplaining some
of the stylized facts in limit order markets. Different fdret zero-intelligence mod-
els and heterogenous agent models (chartist-fundam&natidels), we show that
behavioral sentiment plays an important role in explairtimg stylized facts in limit
order markets. In our model, traders are heterogeneouginitirestment time hori-
zons. Traders are bounded rational in the sense that alhivey observe changes
in the fundamental value, they may underreact or overr@attiidse changes. More
precisely, we model behavioral sentiment by following Barf, Shleifer and Vishny
(1998) (henceforth BSV98). The sentimenB8Vtraders update their beliefs follow-
ing a learning scheme using Baye’s rule, however they belibat the mean growth
rate of the observed fundamental value follows a Markova@viitg process, whereas
the true process is a random walk. Furthermore, we comparentidel with BSV
traders to the one withoisetraders who believe that the mean growth rate of the ob-
served fundamental value is random. Our results show thttigestylized facts can
only be generated in the market with BSV traders.

The modeling approach follows Chiarella et al. (2009), irichtraders are utility

maximizers and the order sizes are optimal given their stibchprices. There is a

Most of agent-based financial models focus on daily frequeinstead of intra-day, see Chen et al.
(2012).
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risky asset and a risk-free asset and traders cannot stblobth assets. The short-sale
constraint puts an upper bound on the submission price atwehirader would sell all
her current holdings of the risky asset, and also a lower #d@timhich a trader would
use all her cash to purchase shares of the risky asset. éiffélom Chiarella et al.
(2009) who assume the submission price is randomly chosevebr the upper and
lower bounds, we assume that the submission price is eithe ¢o the upper bound
or the lower bound and the probability of buy/sell dependtherdistance between the
upper/lower bound and the no-trade price, at which it ismgtinot to trade at all.

Our main finding is that both noise and BSV trading can gepeta absence of
autocorrelation in returns, volatility clustering, longmory in the bid-ask spread, and
the hump shape in the mean depth profile of the order Bdebdiwever, BSV trading
leads to fat tails in the return distribution, long memorythe trading volume, an
increasing and non-linear relationship between trade liamga and mid-price return,
and event clustering in order submission types, all of witiahnot be explained by
noise trading, which means that behavioral sentiment rdkt@z noise trading is the
driving force behind these stylized facts.

The rest of paper is organized as follows. The model is cedlin Section 2. Section
3 compares the stylized facts generated by in a market piejouitey BSV traders and

in a market populated by noise traders using simulationyamsalSection 4 concludes.

2. THE MODEL

We consider a limit order market with many heterogeneowetsawho arrive the
market and submit orders with different trading time honizoTrader with a trading

time horizonr? has a probabilityt /7¢ of entering the market at the start of each period,

2The differences are that BSV trading leads to significarttigrgjer serial correlations in the bid-ask
spread and a hump share closer to the best quotes in the methnpdefile of the order book shape,
comparing to the noise trading.
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which implies that traderris expected to arrive at the market evetyeriods and each
period corresponds to a short time interval such as one minle assume that
follows a uniform distribution between the shortest honizoand the longest horizon
7, and restrictr’ to be positive integers. To simplify the analysis, we asstmaéthe

fundamental price"; follows
In(Fii1) =In(F) + oera, et N N(0,1), (2.1)

which means that the log fundamental price is a martingateiln(F;. . )] = In(F})

for 7 > 1 or the growth rate of the fundamental value is a random wahere the
volatility per period is measured lay Traders do not monitor the market continuously.
When traderi enters the market at time she knows the fundamental value of the
current periodr}, and the historical fundamental values everperiods, but she does
not know the fundamental value procelss](2.1). Her inforomasiet is given byl =

{F\,F,_i, -+, F,_niz }, whereN’ measures the length of her observatiB)ns.

2.1. Behavioral Sentiment. We follow BSV98 and assume that traders have behav-
ioral sentiment in their beliefs of the fundamental valued are thus calleSV
traders More precisely, tradei believes that the log fundamental price F3) fol-
lows

In(Fyiri) =In(Fy) + Opri + 0640, (2.2)

3Traders also have information about past transaction@ri@o transaction occurs at a given time

the mid-price of the best ask priag and the best bid prick, that isp, = %(at + b;). If there are no

bids or asks in the book, then the previous transaction gigeed as a proxy.
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wheree, i AN (0, \/F) and the mean growth raée, .. follows a two-state Markov

chain with transition matrix among two statgs®’, 0},

et—f—Ti — ¢9i et—f—Ti — _92

1925 = 91 Tpqri 1-— Tpqri (23)

et = —Gl 1— Tyri Tgri

where#’ = o+/7i. Therefore, tradet believes that there is a good st#feand a
bad state-¢' in which the mean growth rate of the fundamental price istp@sand

negative, respectively. Given the current state, the fntibaof staying in the same
state is given byr,. ... When¢' is different from zero, tradei exhibits behavioral
sentiment in the same spirit as in BSV98, believing thatreitgrowth rate of the
fundamental value is predcitaglé:urthermore, as in BSV98, tradebelieves that the
transition probabilityr, , .. also follows a Markov chain of two statds;, 75} with

transition matrix,

7Tt+7—i = Ty, 7Tt+7-i = TH

Ty = T, 1— )\1 )\1 (24)

Tt = TH AQ 1-— )\2.

meaning that traderbelieves that there is one state= ;, in which the mean growth
rate is more likely to remain the same as the last period atat@®, = 7) in which
the mean growth rate is more likely to switch from one statartother, in which\;
and )\, measure the switching intensities.

Traders do not observe the mean growth ratand they update their probability

beliefs about; andn, using Baye’s rule. More explicitly, let

Gy =PO=0L),  gp, =Plm =),

“When#' = 0, traderi becomes fully rational believing the true fundamental eglocesg(211).
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wherel! = {F},F,_,i, - ,F,_nyi}. Let Ry, i = In(F,,.+/F;). Trader; updates her

probabilities after observing, , ,: according to

qé,tJrTi = er,tp<9t+7'i = 9i|7rt =TL, RtJrTi) + (1 - qi,t)]}»(‘gtJrTi = ei‘ﬂ-t = TH, RtJrTi)v

qfr,t+ﬂ = qg,tp(ﬂtwi =m0y = 0", Ryypi) + (1 - ‘Jé,t)P(WHri = |0y = —0', Ry i),

where
]P)(et-i-'ri = 9i|7rt>]P)(Rt+Ti et-i-fri = 91)
29t+7i€{9i7,9i} ]P)(et-i-’ri = 9|7Tt)]P(Rt+7—i et-i-’ri) ’

P(sri = mL)P(Rysri |0y, T i = 1)
27‘}+Tie{7"L77"H} P(WtJrTi)IP)(RtJrTi |0t7 7Tt+7'i) ’

]P’(@HTi = 9i|71't, Rt+7—i> =

P(myyri = 7|0, Ryyri) =

R T —0 i 2
P(Ryyri|0pri) o< exp ( — (Riy iiri) )’

o2t

Ry i —0,)? Ry i +0,)?
P(Ryy7i|0p, Ty 7i) o Ty p i €Xp <— M) + (1 — myyri) €XP < - M)

0-2 Ti 0-2 T

and

P(Opiri = 0'm:) = ggpme + (1 — g, ) (1 — 1),
P(Opyri = —0'|m) = qh, (1 — m) + (1 — ),
P(mpyri = mp) = gy (1 — M) + (1 — g5 ) M,
P(myri = 7) = drohi + (1= ) (1= Xo)
for 0,,0,,.. € {—0',0'} andm;, m,, i € {7, 7H}.

Given her estimated probabilitieg , and gj,, traderi makes ar‘-period ahead

forecast of the mean and variance of log fundamental price

Ezzt [ln(Ft-i-Ti)] = ln<Ft> + Ezzt [9t+ri]7 (25)
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Vin(Fyp0)] = 01" + (0°)? — (Ef[614.5:])?, (2.6)
where
) 7 . . L 1- L 92
Et[et-f—Ti] - ]P(ﬂ-t-i-’ri = ﬂ-L‘[t) ( q;7t - qé,t )
— 7TL 7TL _GZ
i : 4 ™o l—7n 4
+ P(ﬂ'tJrq—i = 7TH|]t) ( qé,t 1- qg,t ) ;
1—my TH -0

Note that without sentiment{ = 0), the belief of BSV traders if (2.5) and (2.6)

becomes
Eiln(F)] =In(F), and  Villn(Fup.)] = o7, (2.7)

which characterizes the true fundamental value process.

2.2. Optimal Demand. We now consider the investment decision of traders. Follow-
ing Chiarella et al. (2009), we assume that traders maxiaiZARA utility function

of their wealth. When traderenters the market at time she determines the optimal
demand on the risky asset to maximize the expected utiliheofvealth at the end of
her trading horizon at timé+ 7' based on her belief. Let be the number of shares
of the risky asset ang be the amount of cash tradehnolds at time. Trader; submits

an order with pricey! and quantity:!, thus her wealth at the end of the trading period
isgivenb

WtiJrTi = (8) + 2)Piir + = 2D (2.8)

SWe assume the risk-free rate is zero.
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We assume that tradés expected utility can be approximated by the conditiona&m
and variance of her terminal wealth, thus her objective @awlitten as
i a'
max { By [Weir] = S Vi[Weir] ), (2.9)
2t
wherea' measures tradels risk aversion. Solving equation (2.9) yields

i* _ Ei [ft+ri] _ g

! a'pVi[riy ] "
wherer,, . = p,,:/pi — 1is the rate of return over the peridd¢ + 7']. For conve-
nience, we use,, . ~ In(p,.:/p.), which is a good approximation whetiis small.
Thus, the optimal demand in equatién (2.10) becomes

ix _ Ef& [I?(Ptﬁi)] - ln(pf;)
! a'pViIn(pyyr)]

_ (2.10)

2.3. Order submission. Now to determine the submission pripefor traderi, we
assume that traders cannot short sell and nor can they batrine risk-free rate. For

traders, this implies that

2> st and  zpl <l

From which we obtain the following low and upper bounds fa sibmission pricg:
of tradersi,
pi" < <p,
where
i, M 7
py = exp{E[In(py-)]}

andp.™ is determined implicitly by

E{In(pyy )] — hl(pi’m)

— :Ci+8ipi’m_
alvt[ln(pt+7i)] ! tt
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Definepi* as theno trade pricefor agenti, which solves

Eiln(pr)] ~ InGof) _
@i p Vi [In(pyyri)] !

It can be show that

" < it < pM.

Furthermore, we assume that

Ei[In(py 7)) = EifIn(Fy )], Viln(pyyri)] = VilIn(Fp )],

meaning that traders belief about the future price is datexchby their belief about
the future fundamental value.

The order submission of tradeis in the following way. When entering the market,
trader; tries to either selt: shares of the risky asset at a maximum pricg/df or buy
ci /pi™ shares of the risky assets at a minimum pricg/8t. If the best ask; < p;™ or
the best bid, > pi’M, then traded submits a market order to buy or order. Otherwise
she submits a limit order at prige to buy (whenz/* > 0) or sell (whenz{* < 0)
and the number of shares is determined[@%llemrthermore, we assume that the

probability of submitting a buy or sell order is given by

pi* pi’m
_ x4/ d,my\ t — Pt
Pbuy = P(zt - Ct/pt ) — M im
by — Pt
_ ix in _ Pt — D
Psell = P(Zt = _St) = m
Py — P

Intuitively, the further the no-trading price is away frofmetminimum (maximum)

price, the higher the probability to buy (sell).

SNote that this way of determining the submission price itedéint from Chiarella et al. (2009), where
traders randomly pick a prigg € [p;"", p;™], which may not be the optimal price for the optimal
demand.
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Upon entering the market, tradechooses to either place a market order or a limit
order which will be stored in the limit order book. A transaatoccurs when a market
order hits a quote on the opposite side of the order book. Aalumit orders are
executed using both price and time priorities. At tim&ader: submits a buy or sell
order with price levep: and order size*. The order leads to a market buy when
p. > a; or market sell whem! < b;, whereb;, anda, are the best bid and ask price
respectively. If there is enough depth at the best bid or &gstthen the entire order
submitted by tradetrris executed ai, or b;; otherwise part of the order may be executed
at prices further away from the best bid or ask or it may becatmait order with price

p! as the new best bid or ask prite.

buy/sell Limit/Market | Volume
X < Py | buy |af <p;™ | Marketorder| ¢i/py™
X < Py, | buy |al>py™| Limitorder | ci/pi™
X > P, | sell |bf>pi™ | Marketorder|

X > P, | sell |b <pi™| Limitorder s

TABLE 2.1. Summary of submission rules of tradep < X < 1is
drawn from a uniform distribution.

Table[2.1 summarizes the order submission rules of tradewhich X is drawn
from a uniform distribution orj0, 1]. Note that trade#’s submission price is either
pi™ (for buy orders) opi™ (for sell orders). If the depth at the best bid (ask) is not
enough to fully satisfy the order size, the remaining volurhéhe order is executed
against limit orders in the book. The trader thus takes thkelest buy (sell) order and
repeats the process as many times as necessary until thasofaléy executed. This
mechanism applies when quotes of these orders are abowevjlicep™ (pi™). If

the limit order is not matched by the time- 7, it is removed from the book.

There can be multiple traders who arrive at the market ataiveegime with same order, in which case
we assume those traders trade in a randomized order.
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2.4. Simulation setting. In the simulations, the trading time horizonsof trader:
follows a uniform distribution between(1 — A) and7(1 + A) where the reference
investment horizon = 60 (equal to one hour) and the range is specified\oy 0.5.
Furthermore we restrict the investment horizons to be eared=ach traderis initially
givens{ = 10 shares of the risky asset adg= s, F;, amount of cash, where the initial
fundamental priceg, = 50. At the beginning of each periog each tradei has a
probability 1/7° of entering the market. Traders observe the fundamentakval
after entering the market before submitting an order. Upaareng the market, trader
1 cancels any of her unmatched limit order and submits a neer aatording the order
submission rules in Table 2.1. The volatility of the log fantental price per period
is set tooc = 4 basis points (bp) and the risk aversion is setvto= 0.1 for every

traderz'H Furthermore, we follow BSV98 and assumg= 1, 7y = 2, \; = 0.1 and

5
X» = 0.3. Upon entering the market, tradeestimates the probabilities™ and g’
based on her informatioff = {F;, F,_.:, -+ , F,_y: } and we choos&/’ = 60 and
the initial priorsg™, . = ¢’ ;.. = 0.5. The minimum tick size is given by.01.
Apart from the BSV traders, we assume there are also liquichders. Liquidity
traders’ trading horizons and arrival rates follow the saméorm distribution as the
BSV traders. However they choose between buy and sell oatherbetween market
and limit orders randomly with equal probability. Therefpliquidity traders either
provide or demand liquidity with equal probability. The erdsize is uniformly dis-
tributed between 1 and 10. Moreover, their limit orders &mags at the best bid or ask
price. We assume there are 900 BSV traders and 100 liquiditiets, which makes

the total number of traders equal to 1000.

8if each trading period is treated as one minute, then thealized volatility is approximately0% p.a,
which is the same as Chiarella and lori (2002). Moreover, gt risk aversion t6.1 which is the
average risk aversion of the agents in Chiarella et al. (R009
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Moreover, as a benchmark for comparison, we also considienaisn where the

BSV traders are replaced by traders who's beliefs are giyen b
Eiln(F )] =In(F,)+6 and  Vin(F )] =o' + (8 — (6},

wheredi "%’ Uniform[—6, 9"]. This means that, in this case, trader's belief simply
deviates randomly from the objective (true) belief. We thal such traders asoise
traders By comparing with the benchmark model, we aim to distiniglostween the
effect of sentiment trading and that of noise trading. Intipalar, we compare the
simulation results in a market populated by (900 BSV trat#09 liquidity traders)
with a market populated by (900 noise traders + 100 liquittagers). If certain styl-
ized facts can be replicated with BSV traders but not witlsadiaders in the market,
then it would provide support for behavioral sentiment geime driving force behind
those stylized facts rather than noise trading. The resgjitsrted are the outcome of

30 simulations of 72,000 periods with the first 60,000 stegexlas a burn-in peritgi.

3. REPLICATION OF STYLIZED FACTS

As we have discussed in the introduction, replication oftodthe stylized facts in
limit order book markets presents a serious challenge touhent literature (Gould
etal. (2013)) . Inthis section, we examine the effect of gt@esentiment in replicating
some of these stylized facts. We also compare the resultsetonbdel with noise

traders to distinguish between the effect of sentimentrigadnd that of noise trading.

3.1. Fail tails in the return distribution. Fat tails in the return distribution are well
documented in empirical studies(such as Cont (2001) an#&r@barti et al. (2011a)).
Table[3.1 shows that the market with BSV traders leads to nfattér tails in return

distribution compared to the market with noise traders. édwer, the BSV trading

9The results remain similar for different simulations.
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also leads to a negative skewness whereas skewness is @lpssotwith the noise

trading.

Mean Skewness Kurtosis
BSV -8.90E-07 -0.15 41.98
Noise -8.70E-07 0.03 3.15

TABLE 3.1. Mean, skewness and kurtosis of mid-price returns.

3.2. Absence of autocorrelation in returns. Empirical studies have shown that ex-
cept weakly negative autocorrelations (ACs) on very shior scales, return series do
not display any significant ACs in many markets (Chakrateiral. (2011a) and Gould
et al. (2013)). In particular, Gould et al. (2013) reportttbaveral empirical studies
find some negative ACs of the return of mid-price over shas lim some hybrid mar-
kets but they disappear very quickly for long lags. Figuéshows the ACs of returns
for market with the BSV traders and the market with the naiaddrs. Both markets
exhibit the empirically observed pattern in the ACs of mitke returns. Apart from a
significant and negative AC in the first lag, the ACs for allattags are insignificant,
though there are some small and positive ACs in the first fgs tar the market with

the BSV traders.

3.3. Volatility clustering and long memory in volatility. Volatility clustering is a

common stylized fact in stock markets and an importantfjaation for agent-based
models. For zero-intelligence models, such as LiCalzi agltiz2ari (2003), is able to
generate fat tails but not the volatility clustering; andBdo and Cincotti (2005) find
that the volatility clustering only occurs when the zerteliigence agents take into
account of the volatility of the previous period when sulimgf orders. For heteroge-
nous agent models, such as Chiarella and lori (2002), painthat fundamentalist,

chartist and noise are necessary in some form to generatglipllustering.
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Lag

FIGURE 3.1. Autocorrelation function for mid-price returns.

Figure[3.2 shows that both noise and BSV trading can leadntgp teemory in the
volatility of mid-price returns, which is indicated by thigsificant and slow decaying
ACs in the absolute returns. Also, according to Gould e4118), the Hurst exponent
H is an important measure for volatility clustering and Iongrm)r Table[3.2
reports that both BSV and noise trading leadéite- 0.68 and H = 0.66 respectively
for the absolute returns of mid-price, which are higher thar: 0.58 in the Shenzhen
Stock market (Gu and Zhou (2009)) and lower thidn= 0.8 in the Paris Bourse
(Chakraborti et al. (2011a)). Note that the Hurst exponenttie absolute return of

the fundamental value is 0.49, which is very close to the valee of 0.5. The results

show that both BSV and noise trading can generate volatilitgtering.

3.4. Long memory in the bid-ask spread and trading volume. Apart from long
memory in volatility, empirical studies also find long meman the bid-ask spread
(GroRR-KluBmann and Hautsch (2013)) and trading volume {@aand Ng (2004),

10The series have long memory with positive long-range ACsnwhé < H < 1, have
long memory with negative long-range ACs whén < H < 0.5, and follow a random
walk when H = 0.5. Following Di Matteo (2007), we use the generalized Hurspament
method to estimatef/, the Matlab code of generalized hurst exponent can be dasnfoom
http://www.mathworks.com.au/matlabcentral/fileexapB0076-generalized-hurst-exponent.
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FIGURE 3.2. Autocorrelation functions for absolute mid-priceurets.

Case |r¢| |rmt| |rw| Volume Spread
BSV 0.64 0.68 0.49 0.74 0.86
Noise 0.64 0.66 0.49 0.51 0.61

TABLE 3.2. The Hurst exponents. Hergis the return of market
price,r,,; is the return of mid-price, and, is the return of fundamental
value.

Fleming and Kirby (2011) and Rossi and Santucci de Magi$2@4.3)). In Figure

[3.3, panel A shows the ACs of the bid-ask spread and panel Bsstie ACs of the

trading volume. Both panels show that BSV trading leadsgoitant and decaying
ACs in the bid-ask spread and trading volume comparing tothee trading. This is
further demonstrated by the Hurst exponent in Tablé 3.2¢ckvis 0.74 and 0.86 for
the trading volume and bid-ask spread, comparing to 0.510a6 for nose trading,
respectively. The results show that the behavioral semtinrestead of noise trading,
is driving force in generating long memory in the bid-askesl and trading volume

observed in limit order markets.

3.5. Hump shape in mean depth profile of the order book. In the limit order book,

the depth of the bid-side or ask-side available at a givemssgion pricep corresponds
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FIGURE 3.3. Autocorrelation functions for the bid-ask spread ingda
(A) and trading volume in panel (B) for both BSV trading andseo
trading.

to the total number of limit orders at prige Themean depth profileharacterizes the
relationship between submission pricérelative to the best quotes) and the average
depth available at that price. Bouchaud, Meézard and Pof&&02) and Chakraborti
et al. (2011a) report that the peak of mean depth profile stémtaway from the best
guotes and increases with the 5 best quote levels. Gould @04l3)) further show in
various markets that the mean depth profile for the bid-siikthe ask-side exhibits
ahumpshape, which means that the mean depth available increasethe first few
relative prices (measured by the number of tick sizes away fthe best bid or best
ask price), and then decreases subsequently.

Figure[3.4 reports the mean depth profile for the bid (panearg ask (panel B)
side. Both panels show that both BSV and noise trading caargemhump-shaped
mean depth profiles. However, the BSV trading leads to mopéhddoser to the best
guotes (especially for the buy side) and less depth furttvalydrom the best quote,
which indicates that the market is more resilient (it is hfarda market order to move
prices). With a zero-intelligence model, Ladley and SchEobpé (2009) report that

the mean depth profile of the 5 best quote is nearly equal. dmpaoison the results
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FIGURE 3.4. Mean depth profile for the bid-side in panel (A) and the
ask-side in panel (B).

show that BSV trading provides a better explanation for tine shape in the mean

depth profile of limit order book.

3.6. A non-linear relationship of trade imbalance and average mil-price return.
Various studies including Kempf and Korn (1999) and Gab@&apikrishnan, Plerou
and Stanley (2006) have found that the mid-price return iser@asing and non-linear
function of the trade imbalances (see also Gould et al. (B0dBich is different from
a linear relation in the classical models of market micruodre (see Kyle (1985)).
Following Gould et al. (2013), we use theade imbalance sizewvhich is the differ-
ence between the total absolute size (quantity) of all inngrbuy market orders and
the total size of all incoming sell market orders that ardvging a time interval, to
measure the trade imbalance. We plot in Fidure 3.5 both #@etmmbalance size
against the average mid-price return for every 240 perioasir simulation.
Figurel3.5 shows that BSV trading leads to an increasing anedinear relation be-
tween the trade imbalance and mid-price return. Moreokenelationship is concave
(convex) when trade imbalance is negative (positive), shgwhat the mid-price re-

turn is more sensitive to trade imbalance when trade imbalelarge. In comparison,
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FIGURE 3.5. Relationships between trade imbalance size and the mid
price return.
noise trading leads to an almost linear relationship betviesgle imbalance and mid-
price return. This result shows that the sentiment tradimgiead of the noise trading,

can lead to the increasing and nonlinear relation observéohit order markets.

3.7. Diagonal effect in order submission types.Using data from 40 stocks on the
Paris Bourse, Biais, Hillion and Spatt (1995) examine tlubability of different types
of orders and trades conditional on the last order or tratley Tind that the same order
type are most likely to follow each other. When listing ak ttonditional probabilities
of each order type as a matrix, the diagonal elements of thaxreae the highest,
which is also larger than the corresponding unconditiorabability. This phenomena
is calleddiagonal effecor event clusteringsee Gould et al. (2013)).

We consider eight types of the submitted orders accordimgyesell direction and
order aggressiveness: Market Buy (MB), Limit Buy above tlestkbid (aggressive
Limit Buy, aLB), Limit Buy at the best bid (LB), Limit Buy belw the best bid (pas-
sive Limit Buy, pLB); Market Sell (MS), Limit Sell below thedst ask (aggressive
Limit Sell, aLS), Limit Sell at the best ask (LS), and LimitlSabove the best ask
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(passive Limit Sell, pLS). We calculate the unconditionahability and conditional
probability of each order type and collect them as a matrikaibles 3.8 and 3.4 for the
market with BSV traders and the market with noise tradespeetively. As in Biais
et al. (1995), we highlight the two highest conditional pablities in each column
in bold. We also report the unconditional probability in $econd last row and the
difference between the diagonal conditional probabilitg ghe unconditional proba-
bility in the last row. Tabl€ 33 clearly shows that the BS&tling generates significant
diagonal effect for all the order types, while Tablel 3.4 shbat such diagonal effect

cannot be generated by the noise trading.

Current

Previous MB alB LB pLB MS aLS LS pLS
MB 13.46 3.76 6.16 25,53 452 0.33 3.53 42.70

aLB 12.72 2.27 8.5031.02 2.42 0.02 2.3840.66
LB 8.06 158 7.57 37.81 5.04 0.37 3.89 35.67
pLB 3.59 0.40 4.0358.69 8.38 0.71 4.88 19.32
MS 3.37 0.26 2.9247.08 22.04 2.36 6.84 15.13

aLsS 2.28 0.02 2.43 40.9414.64 2.34 14.0723.29

LS 4,00 0.36 3.35 38.97 10.41 1.781.58 29.56

pLS 6.44 084 422 2146 3.15 0.25 4.13%9.51
Unconditionall 6.51 0.72 4.23 39.46 7.25 0.69 5.01 36.13
Difference | 6.95 1.55 3.34 19.23 14.79 1.65 6.57 23.38

TABLE 3.3. Unconditional and conditional probability (in %) ofeth
submitted order types with the BSV trading. The two largeshbers
in each column are in bold. The difference in the last rowahadtis the
difference between the diagonal number of the conditionathgbility
minus the corresponding unconditional probability.

Biais et al. (1995) put forward that diagonal effect and éwunstering are gener-
ated by order splitting, imitation behavior and reactiamshie information, Goettler,
Parlour and Rajan (2005) argue that the conditional cdroglas due to corrections
of mis-pricing. However, Ladley and Schenk-Hoppé (2009 that zero-intelligence

model can also generate diagonal effect, and they pointhatitihe diagonal effect is
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Current
previous MB alB LB pLB MS aLS LS pLS
MB 14.50 10.20 3.08 24.32 13.577.04 3.05 24.25
aLB 13.17 4.41 3.1831.27 18.77 4.00 3.09 22.13
LB 1487 5.98 3.34 27.37 15.54 5.803.20 23.89
pLB 1391 5.69 3.17 29.6116.57 5.28 3.10 22.68
MS 13.07 7.31 3.12 30.07 1491 6.85 3.05 21.62
aLS 18.08 4.26 3.14 25.06 13.76 4.30 3.128.28
LS 14.82 5.96 3.26 27.19 15.36 5.72 3.30 24.39
pLS 16.22 5.48 3.12 25.33 14.34 556 3.126.81
Unconditional| 15.82 5.94 3.13 27.09 15.24 5.72 3.09 23.96
Difference |-1.32 -1.53 0.21 2.52 -0.33 -1.42 0.21 2.85

TABLE 3.4. Unconditional and conditional probability (in %) ofeth
submitted order types with the noise trading. The two largambers
in each column are in bold. The difference in the last rowalidtis the
difference between the diagonal number of the conditionathgbility
minus the corresponding unconditional probability.

not dependent on individual strategic behavior, but it carerge from the interplay
of the order book and demand/supply functions. More regefdllowing a similar
model as the one in Chiarella et al. (2009), Kovaleva and(R91.4) find that when
chartist uses technical rules based on the order book dingtin,model can generate
significant diagonal effect for some order types, but noatborder types. Our results
compliment the existing literature and show that the sesnintrading can generate

event clustering for order submission types, namely bemnalvsentiment.

4. CONCLUSION

The aim of this paper was to explore the effect of behaviaatisment in limit order
markets, especially its role in replicating some the weltuimented stylized facts of
the time series of returns and of the limit order book.

We find that both the noise and BSV trading can generate trenabf autocor-

relation in returns, long memory in the absolute returns laiddask spread, and the
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hump shaped mean depth profile of the order book. The diiferenthat compared
to noise trading, BSV trading leads to much more significambeorrelations in the
bid-ask spread and more peaked hump shape in the mean deplé goser to the
best quotes. More importantly, BSV trading plays a unique o explaining the fat
tails in the return distribution, long memory in the tradv@ume, an increasing and
non-linear relationship between trade imbalance and makpeturns, and also the
diagonal effect or event clustering in order submissior$ypl he results demonstrate
that behavioral sentiment is not only useful in explainimgler-reation/over-reaction
to news events, but also very useful in explaining some ofatbé-documented styl-

ized facts in the limit order markets, which cannot be exdiby noise trading.

5. RT HGURES AND TABLES
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FIGURE 5.1. Relationships between trade imbalance size and the mid
price return in Robustness test.

TABLE 5.1. Add caption

case Forecasting correlatiop” —p™ MO ALO LOA PLO
BSV 0.12 7.67 13.76 1.41 9.24 75.59
Noise 0 18.44 31.06 11.66 6.22 51.06
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FIGURE 5.3. The sell side order book shape in Robustness test.

TABLE 5.2. Add caption

Time horizon [p' —p,|] MO ALO LOA PLO

30 581 1511 198 7.38 75.66
90 9.05 71 1.03 2.84 9041
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