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ABSTRACT

In recent decades, the development of capital market microstructure theory has led to a broad understanding of
market performance, market organizational structure, transaction costs, and asset prices. Certainly one of the most
important goals of microstructure modeling is to understand and describe the quality of markets. Define market
microstructure as the process by which investors' latent demands are ultimately translated into prices and
volumes. Define market microstructure as the study of trading mechanisms and regulations used to accomplish a
trade. definition of market microstructure which is the study of the intermediation and the institutions of
exchange. The main purpose of this article is to review the most important microstructure models of the market.
Defines market microstructure as the study of the process and outcomes of exchanging assets under explicit
trading rules. The main body of market microstructure theory consists of inventory-based models and
information-based models. This article focuses on information-based models. Studying open microstructure
models can help market participants understand the pricing process and the impact of information on pricing. The
study of market microstructure theory and models leads to a deep understanding of the performance and
organizational structure of the market, transaction costs, asset prices, and an understanding and description of
market quality.
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1. Introduction

In recent decades, the development of capital market
microstructure theory has led to a broad understanding
of market performance, market organizational
structure, transaction costs, and asset prices. Market
microstructure is the study of the process and
outcomes of exchanging assets under explicit trading
rules. While much of economics is concerned with the
trading of assets, market microstructure research
focuses on the interaction between the mechanics of
the trading process and its outcomes, with the specific
goal of understanding how actual markets and market
intermediaries behave. This focus allows researchers
to pose applied questions regarding the performance of
specific market structures, as well as more theoretical
queries into the nature of price adjustment. Certainly
one of the most important goals of microstructure
modeling is to understand and describe the quality of
markets. O’Hara (1995) Defines market microstructure
as "the study of the process and outcomes of
exchanging assets under explicit trading rules”.
Spulber (1996) has provided a broader definition of
market microstructure which is the study of the
intermediation and the institutions of exchange.
Madhavan (2000) Define market microstructure as the
process by which investors' latent demands are
ultimately translated into prices and volumes. Asmar
and Ahmad (2011) Define market microstructure as
the study of trading mechanisms and regulations used
to accomplish a trade. Trading mechanisms refer to the
methods of trading securities. The mechanisms are
determined by several dimensions including market
type, price discovery, order forms and degree of
transparency. Market Regulations on the other hand
refer to the rules of trading securities defined by
securities market to control various aspects of trading
process, such as the rules of order priority, tick size
and spread, listing, trading unit, price thresholds,
trading status, short selling and off-market trading
(Aigbovo & lIsibor, 2017). Price and volume dynamics
resulting from orders can help to understand the
behavior of investors as well as the amount of
information they use in trading. The traditional view of
financial market theories is that price is formed in the
process of supply and demand. However, the reality is
that factors such as information asymmetry and the
difference in trading time (and other cases) can upset
the price. These factors create inventory-based and
information-based models. In the first generation of

microstructure models, the market maker seeks to
increase the bid-ask spread price for inventory price
risk by providing market liquidity. The second
generation of models is related to the asymmetry
between market participants and the creation of price
gaps to compensate for the costs of adverse selection.
The basis of market microstructure models is based on
the order-oriented model (order flow shifts prices)
developed by Kyle (1985). This model was later
developed by Glosten and Milgrom (1985), who
consider a trader-centric market, according to which
differences in information between traders can lead to
the cost of information for traders. Most
microstructure models based on information are
divided into three main parts. The first section includes
models that study the price effect of information
(Hasbrouck, 1991a, 1991b; Madhavan & Smidt, 1991).
The second group of models used certain criteria such
as the bid-ask spread price (Bagehot, 1971; Jaffe &
Winkler, 1976; Mclnish & Wood, 1992), the volume
and size of the deal (Keim & Madhavan, 1995, 1997),
firm size (Hasbrouck, 1991b), number of transactions
(Jones, Kaul, & Lipson, 1994) and ratio of insiders
(Jones et al., 1994). The third generation provides
sequential trading models that describe the trading
process and estimate the probability of informed
trading. The first numerical perspective formula for
estimating the probability of a conscious trade was
developed by (Easley, Kiefer, & O'hara, 1996; Easley
& O'hara, 1992) by estimating the maximum
likelihood probability. And a set of subsequent models
has also been developed.

One of the most important issues in the capital
market microstructure is the relationship between
informed and uninformed traders. Researchers believe
that informed traders have an information advantage
and use this advantage to trade to benefit uninformed
traders. A common feature of many theoretical models
of market microstructure is the existence of an expert
who deals with two types of traders: informed traders
and liquidity (uninformed) (Bagehot, 1971; Easley,
Hvidkjaer, & O'hara, 2002; Easley, Kiefer, & O'hara,
1996, 1997; Easley, Kiefer, Ohara, & Paperman,
1996; Easley & O'hara, 1987, 1992, 2004; Easley,
O'hara, & Saar, 2001; Glosten & Milgrom, 1985; Kyle,
1985).

Traditional microstructure theory provides two
major directions to explain price setting behavior:
inventory models and asymmetric information based
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models. The branch of inventory models investigates
the uncertainty in order flow and the inventory risk
and optimization problem of liquidity suppliers under
possible risk aversion and The main result of inventory
models is that the market maker sets quotes in such a
way that the costs of order processing and inventory
maintenance are covered while the asymmetric
information based models, model market dynamics
and adjustment processes of prices using insights from
the theory of asymmetric information and adverse
selection. The two main approaches in asymmetric
information models are sequential trade models and
strategic trade models. In addition to the asymmetric
information based models there is also the synthetic
model that incorporates both the adverse selection and
inventory/order handling cost (Aigbovo & Isibor,
2017). Seminal papers in the field of inventory-based
models include Garman (1976), Stoll (1978), Amihud
and Mendelson (1980), and (Ho & Stoll, 1981, 1983),
Roll (1984), Hasbrouck (1991a), (Huang & Stoll,
1994, 1997), and Madhavan, Richardson, and
Roomans (1997) among others. Two main classes of
asymmetric information models are the sequential
trade models and the strategic models. Seminal papers
in the field of sequential trade models include
Copeland and Galai (1983); Glosten and Milgrom
(1985); Easley and O'hara (1987); O'Hara (2003);
Easley et al. (1997) and Easley et al. (2002) among
others and Seminal papers in the field of strategic
trade models include Kyle (1985); Admati and
Pfleiderer (1988); Foster and Viswanathan (1996),
among others.

The main focus of this article is on the capital
market microstructure. And the purpose of this article
is a comprehensive overview of asymmetric
information-based capital market microstructure
models. Models that form the core of capital market
microstructure theory. The rest of the paper is structure
as follows. In section two we review the market
microstructure models. Section three provides the
summary and conclusion.

2. Market Microstructure models

2.1 The Rational Expectations
Equilibrium Model

Competitive models of rational expectations are in fact

the basis of market microstructure theory. The
components of modern market microstructure models

are called rational expectations models. The rational
expectations model is consistent with standard models
(Admati, 1985; Grossman & Stiglitz, 1980; Hellwig,
1980). The basis of rational expectation models has
been developed based on various economic
phenomena: acquisition of information in financial
markets  (Verrecchia, 1982), performance of
information markets (Admati & Pfleiderer, 1986,
1987, 1990), learning multi-asset information (Admati,
1985), internal trading (Leland, 1992), supply and
return on assets (Breon-Drish, 2015), and price
volatility (Gao, Song, & Wang, 2013). The basic
model of rational expectations follows the original
one-period framework-based model (Grossman &
Stiglitz, 1980).
The building blocks of the modern market
microstructure models are so called Rational
Expectation Models. These are static competitive
models. The models are formulated as
follows:
Period: Two period’st = 0, 1.
Asset: one risky asset pays a normal distributed
dividend d in period 1,d~N(d, o?) and it is traded at
t =0 at a price p. The supply of the risky asset is
random S > 0.
Riskless rate: The riskless rate between periods 0 and
lisr.
Traders: There are N agents in the market, with
CARA (constant absolute risk aversion) utility and the
risk aversion coefficient is a. Among them, N; are
informed and Ny are uninformed, where N; + Ny =
N. The informed observe a signal of the risky asset
S =d + ¢, € is independent of d and e~N(0,52). The
uninformed observe no signal.
Steps in the analysis of this model: (1) derive
distribution of asset’s payoff conditional on public and
private information. (2) Find demand schedule of
traders by utility maximization. (3) Find equilibrium
price by equating aggregate supply and demand.
Equilibrium price reveals some of I’s private
information If U is smart (rational), he will take this
information into account in his decisions.
Consider an uninformed agent with wealth W, if at
t = 0 she buys x shares, her period 1 wealth is:
W=Wy,—xp)(1+7r)+xd

And her expected utility is:
—E exp(—aW)
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This form of utility (CARA) has the good property that
if y~N(u, 02), then

1
E exp(y) = exp (,u + EGZ)
The expected utility is therefore:

—exp [—a ((WO —ap)(L +7) +xd — %02x2>]
Thus, the uninformed can be viewed as maximizing:
— a
max, ((WO —xp)(A+7r)+xd— Eazx2>

This is a concave function and by solving F.O.C, we
have the uninformed demand:
_ d—1+7r)p

xy(p) = T ao?
Here the price of the risky asset enters through budget
constraint and the initial wealth is not in this demand.
The informed face a conditional probability, suppose
(%, y) are jointly normal, then conditional on X, y is
normal and

FOL) = BO) + (x— E) 2
cov(x,y)?
Oy = 05 = o2

X

So in this model, we have
2

E@dls) =d+ (s — d)——
5) = s—d)——
02+ a?
- o?c?
ad/s_az+a€2

Hence, for the informed, the expected utility is:

—exp [—a ((W0 —xp)(1+7) + xE(dls) — %ag /sz)]

And therefore
E(d|s)—(1+1)p
x(p)=——F——
aog
By equating demand with

Nyxy(p) = S we solve for price:

supply, Nyx; (p) +

_ d 0-5/5 =5 2
p—1+r+N,k 1- P (s—d)—Sakod/s

1
k =

Z
(1+7) <N, +Ny a—gs>

In this model, the price fully reveals the signal of the
informed (price is linear in signal). For the

uninformed, they could use price to infer informed
signal.

2.2 The Kyle [1985] Model

A seminal strategic model is studied in Kyle (1985).
The Kyle model is a model of a batch-auction market,
in which market makers see the order imbalance an
each auction date. And market makers compete to fill
the order imbalance, and matching orders are executed
at market clearing prices. Unlike the sequential trade
model, the strategic informed agent could trade at
multiple times. Kyle develops the optimal trading
behavior for the informed trader and shows that the
agent will trade on his information only gradually,
rather than exploit it to the maximum extent possible.
In another market microstructure context that consider
when trader has superior information to derived the
security price or how the prices adjust to the full
information value is introduced in Kyle (1985). This
model proposes that the new equilibrium price
partially reflects the new full information with three
types of market participants: market makers, noise
traders, and informed traders. Kyle proposed a single
period model which at the value of an asset is a
random variable: S~N (P, 62), at the end of period
asset value of S~N(Py, Zo).

There are also noise or uninformed traders who
trade for exogenous reasons and submit a market order
for U quantity, where U~N(0,02). Also, Kyle
assumes that at the beginning of trading period
informed trader can get information of the price of the
asset from the value of S, and he knows the value of
the asset at the end of the period is equal to S but does
not know the quantityﬁ; however, an informed trader
chooses to submit a market order to maximize their
profit at x quantity. At this point, the market maker
observes the net order flow y = u + x and sets a price
p, however, the market maker cannot distinguish
which part of the order comes from noise or informed
traders. At the equilibrium, the market maker earns a
zero expected profit, so he takes a position —(u + x)
to clear the market and earn—(S — P)(u + x). The
market maker sets p following the function of (u + x),
thus P(x +u) = E(§|u + x)

The informed trader chooses to submit quantity x
that depends on S to maximize his profit 7 at the end
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of a period. Thus, the market maker sets the
equilibrium price as:

MAX,E(T|S) = MAX,E ((E —P(x+ a)) x|§)
This model assumes at the equilibrium that the market

maker price is a linear function given by the posterior
expectation;

Py)=u + Ay.

So, the maximize profit of the informed traders
E(n) = MAX,E ((E —P(x+7)) x|§ = 5)
= MAX,E ((s —p—A(x— ﬂ))x|s)

= MAX,(S —p— A9)x,

When the last step follows from the fact that E(u) =
0.

Then, maximizing the expected profit, the solution to
informed trader for optimal trade is

S—u
x=argmaxxE(n)=T=a+ﬁv
here a = — - and f = —=,if 1> 0
where a = Zlan ﬁ—m,lf .

To solve the linear market maker pricing and trade
order parameters, we assume that the market maker
sets the market price in order to earn zero profits at
P = E(S|u + x). The expected order flow is E(y) =
TU+x=u+a+pS, where S and y are jointly
normally distributed, that is, E(S|y). Therefore, the
market maker should follow the maximum likelihood
estimator to optimal pricing rule that equals to u + Ay

where g and y minimize, minE((E—P(y))2> =
miny, ,E ((§ —u- ly)z) =miny, E ((§ —p—-
Mu+a+ ﬁg))z) = miny E ((5(1 —af) —au —

u— Aa)z)
Following assumptions E(S) = Py, E((S — Py)?) =
20 Ew)=0,Ew?) =02 and E(uS)=0, then
min, ,E(1 = AB)2(Zo + P§) + (u + A0)* + 220 —
2(u+Aa)(1 — AB)P, .
The first condition respect to p and A are u = da +
Py(1 — AB), thus

BZo

A:i
B2Zy + o

1
Usea=—iandﬁ=ﬁ,wehavey=P0 and A = >

21
At equilibrium, the market maker trade price is

VEo . _
P="P+ 20, u+x)
Where the informed order is
_ (§ - Po)au

VZo
From equation 21, we can see that the informed order
is greater or more active in the magnitude provided by
the volatility of the order from uninformed tradera,,.

X

Substituted 21 into 20, we get P = P, + \/Z—ET"E + (SJ'Z—P").

Thus, only one half of private information %vz is

reflected to p, therefore the equilibrium price is not
fully reveled by informed trader’s information. The
expected profit of the informed trader, unconditional
on knowing the value of S at the beginning of trading
period is

_ au(§ - PO)Z

= 2\/2_0

Since the market maker sets the trade price in
condition to earn zero profit, the expected gain for
informed traders is the expected loss from noise
traders, not the market maker. As the expected profit
from informed order is a linear in noise volatility, this
can be assumed that informed trader hide their order
with the orders from uninformed trader to hide the

E(®)

position. Consider the illiquidity parameter A =§"

u

which presents the value that the market maker raises
the price when the net order flow y = u + x increases

by one unit. Therefore, the 1y = ZO% is liquidity
risk scaled by volatility of security, and Jl is similar to

the percentage of volume. Hence, the amount of order
that raises the price by 1 dollar equals % which is

measured by the market depth or market liquidity.
Intuitively, the greater number of noise traders, the
greater profits of informed traders that gain from the
loss of uniformed traders. However, with a greater
number of uninformed traders, an individual loss is
less.
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2.3 The Glosten and Milgrom [1985]
Model

In Glosten-Milgrom model, orders arrive and are
executed by a market maker individually. The arrival
rates of informed and uninformed trader are
determined exogenously. Informed traders trade when
chosen by this mechanism as if they have no future
opportunities to trade. In other words, when trade is
profitable, they trade as much as possible.

Consider one security valued atV e {V,,V;},
with Pr(V;) = 6. The value is revealed at the end of
trade. There are two types of traders: the informed |
and the uninformed U, the proportion of informed
traders among the population is p. The market maker
posts bid and ask quotes, B and A. A trader is
randomly drawn from the population. If the trader is
informed, he buys if V =V, sells ifV =V,. If the
trader is uninformed, she buys or sells randomly with
equal probability. The market maker does not know
the types of the trader. A buy is a purchase by the
trader at the dealer’s asks price, a; a sell is a trading at
the bid, B. We assume that the competition among
dealers drives the expected profit to zero. The market
maker’s inference given that the first trade is a buy or
a sell can be summarized by his posterior belief about
the low outcome.

Let pi(buy), or py(sell) k=1,2,.. denote the
probability of a low outcome given the k;;, trade is a
buy (or a sell). py Is the unconditional probability
being a low outcome, which is §. Let By, denote k¢,
order is buy, S, denote k., order is sell. Then the
market maker’s posterior belief of a low outcome after
the first trade is buy is,

Pr(Vybuy) _ 8(1—p

Py (b = Pr(V|By) = =
1(buy) r(viiB,) Pr(buy) 1+u(l-28)
And dealer’s expectation of the value given first buy

order iSE(V|B,) = Pr(V,|buy)V, + (1 -

Pr((Vl)|buy)) V,,. If competition drives the expected

profit to zero, then the posted "ask price" is the
dealer’s expected value.

1 -pWV + (1 -8+ wV,
1—pu(1-26)

A=EWV|B) =

The bid price is similar, followed by a sell to the
dealer. The dealer saw the first trader is a sell order
and post the bid price.

Pr(V;, sell) (14w

Py(sell) = Pr(Vls;) = Pr(sell)  1—u(1—26)

S1+wV+(1-8)1A—wV,
1+ pu(1—26)

B=EWVI|S,) =

The bid-ask spread is:
4(1—8)8(Vy, — Vu

S=A-B=— A 25y

The dealer updates his belief and posts new quotes on
each trade sequentially. This process repeats for k =
1,2, this updating procedure could be expressed in
general forms since all probabilities in the event trees
are constant except p; (0).

Pe—1(0)(1 — 1)
Pk(bu}’|Pk—1 (0)) = 14 2(11 - ZPk—jl(O))

Pe_1(0)(1
Pk(selllPk-1(0)) 1 2(11(—)21311:1()0))

It can be
thatpy(buwy lpy_1 (buy), px—z(sell)) =
i (buy lpy_1 (sell), py—_,(buy)), for all k. The arrival
sequence of the buy or sell orders does not matter.
Therefore the proportion of buy or sell orders is
deterministic to the outcome.

The conditional expectation of the ask can be
decomposed as

shown

A =EWV|buy) = E(V|U, buy)Pr(U|buy) + E(V|I, buy) Pr(I|buy)

Rearranging terms gives

(A—EWI|U,buy))Pr(Ulbuy) = —(A—E(VII, buy))P(rgg)Ibuy)

In this model, the economic interpretation for equation
(31) is that the gain from an uninformed trader on the
left side is equal to the loss to the informed trader on
the right side (subject to zero profit expectation for the
market maker). There is net wealth transfer from the
uninformed to the informed.

Although the trader is independently drawn from both
population for order execution, one subset of the
population (the informed) always trade in the same
direction. The result is that orders are serially
correlated.
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One important economic justification of G-M model is
trades update the price. For any security at k., given
trade, a buy order on the (k + 1), trade will make a
upward revision in the conditional probability of a
high outcome, and consequently increase both ask and
bid quotes and drive trading price upward. In contrast,
a sell order will drive price downward. The trade price
impact is a particular useful empirical implication.

In the Roll model, we denote {q;} as the trade
direction variable (+1 buy, -1 sell) with equal
probability. In the G-M model, the order flow has no
equal probability attributes to asymmetric information
processed by difference traders, the informed traders
always trade in the direction of his knowledge.

The asymmetric information in the G-M model is
M, the proportion of the informed trader in the
population. In equation (29) and (27), the asymmetric
information parameter p is positively related
to py (sell), and the bid-asked spread. The justification
behind is when the market have more informed
traders, a sell order will be more likely submitted by
an informed trader instead of a uninformed, the
probability of a low outcome after sell is high;
similarly, the probability of a high outcome given buy
order is also high. In consequence, the dealer will post
wider bid-ask spread in response to the change of
posterior beliefs. These results suggest use of the bid-
ask spread or the impact of an order has on subsequent
prices as proxies for the asymmetric information. We
have more discussions in the empirical study.

The limitation of G-M model is the informed
traders are drawn randomly by the market mechanism.
When she is selected, she will trade once and the
maximum (one unit of order). There are no trading
strategies for the informed trader to maximize her
profit. The order execution timing and order sizes are
two important aspects to the informed in empirical
work while remain unaddressed in G-M model.

24 The Easley et al. [1996] Model -

Probability of Informed Trading (PIN)

In their model, Easley, Kiefer, O'hara, et al. (1996)
assume that individuals trade a risky asset and money
over i =1,...,N days, where time is indexed by t for
each trading day and is considered continuous. The
market makers quotes the bid and ask prices at which
investors buy and sell securities and is considered to
be risk-neutral, so the prices are the expected value of

the stock, conditional on the information the dealer has
when making the transaction. In the current
methodology, there are two types of traders-informed
traders who benefit from signals that give the true
value of a stock and uninformed traders who receive
no signals on the future movement of a stock’s price.
Both groups of traders enter the market following
independent Poisson processes at any minute during
the trading day; however, in the case of informed
traders, they receive good-news signals that encourage
them to enter the market. When such signals reveal
themselves, the traders buy the stock. Easley, Kiefer,
O'hara, et al. (1996) define information events o which
can occur both with probability J for good-news events
and 1 — ¢ for bad-news events whenever the nature of
the news determines from the sample at the beginning
of each day whether an event with informational
impact on the fundamental value of the asset will
appear. In this scenario, (V;)!_, represents a random
variable which gives us the fundamental value of the
asset at the end of every day in the sample. The value
of the asset on a day with good news is given by the
random variable denoted by V;, while V; denotes the
value of the asset on a bad-news day. If the value of
the asset on a day with no information is denoted V",
we will have the inequality V; < V;* < V; The model is
developed using simple binomial logic. The event
generating news at the beginning of each day can be of
either a good-news or bad-news type, and the
appearance of informed traders that are competitive
and risk-neutral does not depend on the nature of the
news. The arrival of the news to one trader at a certain
moment in time and that trader’s actions in the market
follow a Poisson process with the arrival rate denoted
by u. We note that all arrival processes are assumed to
be independent in the Easley, Kiefer, O'hara, et al.
(1996) framework. On days when good-news events
are generated (through an independent Poisson
process), the arrival rates are given by & + u for buy
orders and ¢ for sell orders. On days when bad-news
events are generated, the arrival rates are given by u
for buy orders and &+ pu for sell orders. If, at the
beginning of the tree, there is no news-generating
event, then only uninformed traders take part in the
process, with an arrival rate equal to €. At the end of
the day, the market maker has complete information
on each actor in the market and quotes the true value
of the stock. The market maker has information on the

Vol.9 / No.35 / Autumn 2024



140/ Market Microstructure: A Review of models

probabilities for the above events and on the
information arriving in the market. The occurrence of
such events is unknown. Easley, Kiefer, O'hara, et al.
(1996) assume that the dealer is Bayesian in the sense
that his information is being updated with the arrival
of new trade orders. The information is treated
independently across days-therefore, each day is
treated as a different observation in computing the
probability of informed trading. Based on this fact, if
we denote P(t) = (B, (t), Py(t), Py (t) ) as the market
maker’s prior beliefs regarding information events at
the beginning of each day, when t = 0, we will have:
P(0) = (1 —a,ab,a(l — 5)).

If we denote P(t|S;) [as the market maker’s updated
belief vector that takes into account the history of
trades and quotes prior to time t, by using the Bayes
rule the posterior probability of no news at time t, if an
order to sell arrives at t, is:

P (t)e

P, (t]Sy) = e+ PO

(32)

In a similar way, the probability of bad news will be
given by:

PO+
Py(tlS) = TP (On (33)
And the probability of good news is:
By (els,) = — 2 (34)
v = o

If we take into account (1), (2) and (3) and the zero-
profit hypothesis, the expected bid-price denoted b(t)
at any time t on day 1, is:

P(DeV; + Py(0) (e + WV; + Py (D)eV;

e+ Pp(tu 39

b(t) =

Based on a similar calculation, the ask price at time t
is:

©® P ()eV + Py (t)eV; + Py(e + WeV;
a =

e+ Py(Du

(36)

The expected value of the asset, E(V;|t), based on the
values that we set at the beginning of this section is a
function that depends on each probability that we
computed in the first three equations. So, E (V;[t) is:

E(Vilt) = P,()V; + Py (8)V; + Py (D)V;

Based on relation (6), the values of the bid and ask
prices that market makers calculated based on prior
information until time t on day i are given by:

b(®) = B0 - O (B 16) - )
And
o) = B0 - A2 (V- B)

Let Y:(t) = a(t) + b(t) be the spread at time t. Then,
in order to identify the factors that are influencing the
spread, we can write );(t) as:

R -
Z(t) e+gP (t)(

According to Easley, Kiefer, O'hara, et al. (1996), the
spread at time t represents information based
probability multiplied by the expected loss to informed
buyers plus a symmetric term for sells. So the
probability of informed trading represents the sum of
the aforementioned probabilities, explicitly:

uPy(t)

—EVID)+

,Ll(l - Pn(t))

PID) = ,u(l - Pn(t)) + 2¢

(41)

When the market opens, at t = 0, if we assume that
good and bad news occurs with the same probability,
then the spread can be computed as:

Y= aﬂaf: —(7:- 1) 42)

In what follows, we will give an overview of the
analytical and empirical implementation of the above
model.

On a day with a bad-news event, the observed
sequence of buy and sell trades has the following
probability:

S
e—¢T (E;I)B e~ (&t ((M +S'€)T) (43)

P(B,S) =

On a day with no information-revealing events, the
probability becomes:

()P _ 4 (€T)°
B s (44 37)

P(B,S) =e~¢T
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On a day with a good-news event, the probability is:

+or)" G g

— —(ute)T ((u
P(B,S) = e~ \#*e B 51

We write the likelihood of trading activity, which is
independent across days:

L((B,S16))

_er €N (D)’
=1 -a)e T—B! e T—S!

S
_ ED)® o (e +mwT1) (46)
B! Sl
B

—(e+p) ((5 + M)T) _eT (eT)’

BT ¢ s
The parameter space is given by 8 = {a, §, €, u}.
The likelihood of observing the data (i=1to h) am
given by the product of daily likelihoods:

+ ade

+a(l—6)e

h
Lo = [ [Lo1s: 50 47)
i=1

The above function is rearranged as per Aktas, De
Bodt, Declerck, and Van Oppens (2007) and Easley,
Engle, O'Hara, and Wu (2008). Subsequently, the
probability of uninformed trading is the unconditional
probability that traders buy or sell assets at any point
in time t. The higher this probability is, the higher the
risk uninformed traders face in their actions of buying
or selling stocks.

We write the probability of informed trading as:

(24
PN, = —2#

ap + 2¢ (48)

25 The Easley et al. [2012] Model -
Volume - Synchronized Probability of

Informed Trading (VPIN)

The main link between Probability of Informed
Trading (PIN) and Volume-Synchronized Probability
of Informed Trading (VPIN) was created in 2008 by
Easley et al. (2008) and in 2010 the VPIN model was
introduced by Easley, de Prado, and O’Hara (2010).
The study of Volume-Synchronized Probability of
Informed Trading (VPIN) presents the impact of high
frequency trading (HFT) on order flows. Easley,
Lopez de Prado, and O'Hara (2012) Introduce the
concept of “order flow toxicity” to represent the
adverse selection risk in HFT context. They state that
the market makers might not be aware that they
provide liquidity at a loss, and order flow is toxic
when it has adverse selection on these market makers.

To measure order flow toxicity, Easley et al. (2012)
impute order imbalances through a monotone function
of the absolute price changes to gauge the probability
of information-based trading on the basis of the
volume imbalance and the trade intensity, and use the
BV-VPIN (bulk volume classification procedure BV-
VPIN) metric to forecast the market volatility induced
by toxicity. The inner algorithm is that market makers
face the prospect of losses due to adverse selection
when order flows become imbalanced. Hence, the
estimates of time-varying toxicity level become a
crucial factor in determining the participation of
market makers. If they believe that toxicity is high,
they will liquidate their positions and leave the market.
VPIN model is actually PIN estimation in high
frequency conditions. This method is used on a time-
volume basis. In this method, the time-volume range
and bulk volume must be specified. Since all bulk
volume are the same size, V,

n

1

;Z(VTBH/TS) =V =au+2e (49)
=1

In this regard, n is the number of volume bucket used
to estimate the VPIN. In this method, volume bucket
need to be divided into buy volume and sale volume.
Instead of using Tick-rule, Lee-Ready or other
transaction classification techniques, they use a new
method of volume classification. In the name of
classification, they offer volume bucket. In this way,
first the volume is classified in bucket and then part of
the volume is classified as buy volume and the rest as
sale volume. In a volume bucket, the amount of
volume classified as buy is equal to:

S S-S
s,
= Y vz(tog) (50)
i=t(z—-1)+1

In this regard, t(t) is an indicator of the last bar
(volume or time) in the volume bucket T, VB
represents the volume of buy (transaction with Ask),
Virepresents the total volume in each bulk, Z
represents the standard normal distribution and
oAs Indicates the standard deviation of price changes
between bars (volume or time). Since all bulk have the
same amount of volume V,
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tT

Si— Si-
vS = Z Vi<1—Z 1—11))

i=t(T—1)+1 ohs (51)

=V-V?

Since E[|V® — VB|] ~ ap and PIN = ——s0 we can
op+2e

say that VPIN is an approximation of PIN.

n S _yB
VPIN = —’:1”::‘/ il (52)

A brief overview of the three steps of calculating
VPIN (Abad, Cutillas-Gomariz, Sanchez-Ballesta, &
Yaglie, 2018):

(1) Time bars: The original procedure begins with
trade aggregation in time bars. Bar size is the first key
variable of the VPIN computation process. Easley et
al. (2012) initially use 1- minute time bars. In each
time bar, trades are aggregated by adding the volume
of all the trades in the bar (if any) and by computing
the price change for this period of time. Afterwards,
and in order to take into account trade size, the sample
is “expanded” by repeating each bar price change as
many times as the volume in the bar. Thus, the original
raw sample became a sample of one-unit trades, each
of them associated with the price change of the
corresponding bar.

(2) Volume buckets, bulk classification and
order imbalance: Volume bucket is the second
essential variable in VPIN metric. Volume buckets
represent pieces of homogeneous information content
that are used to compute order imbalances. In Easley
et al. (2012) volume bucket size (VBS) is calculated
by dividing the average daily volume (in shares) by 50,
which is the number of buckets they initially consider.
Therefore, if we depart from the average daily volume,
it is the number of buckets which fully determine
VBS. Buckets are filled by adding the volume in
consecutive time bars until completing the VBS. If the
volume of the last time bar needed to complete a
bucket is for a size greater than required, the excess
size is given to the next bucket. In general, a volume
bucket needs a certain number of time bars to be
completed although it is also possible that the volume
in a time bar could be enough to fill one (or more)
volume buckets. At the same time of bucket
completion, time bar volume is classified as buyer-or
seller-initiated  in  probabilistic  terms.  Normal

distribution is employed labeling as “buy” the volume
that results from multiplying the volume bar by the
value of the normal distribution evaluated in the
standardized price change Z(AP|o,p). To standardize,

we divide the corresponding price change by the

standard deviation of all price changes for the whole
sample. Analogously, we categorize as “sell” the
volume that results from multiplying the volume bar
by the complementary of the normal distribution for
the buy side. 1 — Z(AP|oap). Order imbalance (Ol) is
then computed for each bucket by simply obtaining the
absolute value of the difference between buy volume
and sell volume in the assigned time bars.

(3) VPIN and sample length: Finally, in the last
step we obtain VPIN values. To do that, it is necessary
to define a new variable: sample length (n). This
variable establishes the number of the buckets with

which VPIN is computed. where VPIN is simply the

average of order imbalances in the sample length, that
is, the result of dividing the sum of order imbalances

for all the buckets in the sample length (proxy of the
expected trade imbalance) by the product of volume

bucket size (VBS) multiplied by the sample length (n)
(proxy for the expected total number of trades). VPIN
metric is updated after each volume bucket in a
rolling-window process. For example, if the sample
length is 50, when bucket #51 is filled, we drop bucket

#1 and we calculate the new VPIN based on buckets
#2 to #51. (Easley et al. (2012)) first consider sample

length equal to the number of buckets (50).

PIN EKOP, 1996 VPIN Easley et al., 2012a

Fundamantal Information Broader definition of Information

Clock-time

Itemized classification Bulk classification

Mo-explicit rale far Trade intensity matters

trade intansity

Fig. 1. VPIN innovations. Figure outlines the four main innovations that Easley et al.
(201 2a) intreduce in the VPIN model dealing with the PIN original model developed
by EKOP {1996
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3. Conclusion

This is a summary of the existing models related to the
market microstructure. Traditional microstructure
theory provides two major directions to explain price
setting behavior: inventory models and asymmetric
information based models. The inventory models

investigates the uncertainty in order flow and the
inventory risk and optimization problem of liquidity
suppliers under possible risk aversion while the
asymmetric information based models, model market
dynamics and adjustment processes of prices using
insights from the theory of asymmetric information
and adverse selection. The two main approaches in
asymmetric information models are sequential trade
models and strategic trade models. In addition to the
asymmetric information based models there is also the
synthetic model that incorporates both the adverse
selection and inventory/order handling cost. According
to the above study, market microstructure models
show the process of pricing by buyers and sellers.
These models show the process by which the actual
trading process affects the formation of price and
trading volume in the market. Microstructural models
differ from traditional financial models in recognizing
that legitimate information about corporate principles
may be unequally distributed and interpreted
differently among market participants. Therefore, it
can no longer be assumed that prices immediately
reflect information, even if all participants are
reasonable. The microstructure literature argues that
both the risk of information resulting from asymmetric
information and the difference in liquidity over time
and between firms affect the price of long-term
equilibrium in the market. We hope this study will
help participants understand the pricing process and
how information risk has led to information
asymmetry and how the liquidity difference over time
and between firms affects the long-run equilibrium
price in the stock market. In fact, market
microstructure studies are important in order to
provide approaches to assist investors in designing
investment strategies and stock market stakeholders
and policy makers in order to formulate rules and
trading mechanisms. It is a safe prediction that in the
years to come, the trading environment for Iran
equities will undergo further significant change. These
changes, and developments in other markets, will
provide ample opportunities for microstructure
researchers to make further progress in our

understanding of the effect of market structure on
market quality.
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