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This paper empirically estimates information asymmetry in cryptocurrency
markets using the Probability of Informed Trading (PIN) and Adjusted PIN metrics.
These markets, characterized by a high proportion of algorithmic trading and
large volumes of high-frequency data, present a promising environment for ana-
lyzing informed trading behavior. We introduce a modified estimation procedure
for Adjusted PIN, addressing floating-point errors and issues with local extrema,
thereby improving its accuracy compared to the traditional naive approaches com-
monly used in the literature. Additionally, we propose an alternative trade aggre-
gation method at higher frequencies than the conventional daily aggregation to
enhance the efficiency of both PIN and Adjusted PIN models. Through analysis of
both simulated and real data, we demonstrate that aggregating total buy and sell
trades on a daily basis results in less meaningful estimates due to noisy input data,
making it difficult to capture informed trader activity. The true optimal trade ag-
gregation frequency is still to be further investigated, as increasing the frequency
introduces heterogeneity in order imbalances, and the specific frequencies at which
informed traders operate are still unknown. Finally, several empirical studies are
conducted to evaluate the behavior of the metrics, revealing that illiquid crypto-
currencies exhibit relatively higher estimated probabilities of informed trading.
This finding aligns with similar results observed in equity markets.
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1. Introduction

Cryptocurrency markets gave additional impetus to the development of trading as well
as market making in high frequency environments. Alongside, cryptocurrencies have emerged as
a favored asset class for algorithmic trading and various quantitative strategies. These sophisti-
cated trading algorithms often integrate exclusive information and market forecasts beyond
the reach of ordinary investors, and if distinguished in the order flow, can reveal the information
asymmetry. This in turn makes cryptocurrency markets topical to reconsider a specific class of
models, identifying informed trading. A popular approach is PIN measure, proposed by Easley,
Kiefer, O'Hara, and Paperman (1996), which uses Glosten and Milgrom (1985) setting to estimate
the probability of informed trading. There was a debate whether PIN is a measure of liquidity
rather than of informed trading activity as well as its critics that it mathematically fails to explain
empirical positive correlation between buy and sell trades. To account for PIN model’s limita-
tions, its nested version was introduced Adjusted PIN (APIN) [Duarte, Young, 2007], which is more
computationally extensive, but promised to be more accurate. Both models proved to be widely
used in equity research and corporate finance as some proxies for insider trading before public
events such as mergers and acquisitions and others. The emergence of cryptocurrency trading
has revitalized the relevance of these metrics, expanding their scope of interpretation. However,
up to date, the literature on their application in this context remains relatively sparse.

The ability to accurately identify informed trading is quite a topical issue which could be
potentially applied for trading purposes and market regulation. The latter, combined with the
fact, that cryptocurrency markets are still regulated to much lower extent than stock markets,
makes such analysis even more crucial. Informed trading includes both insider trading (unlawful
acquisition of privileged information by insiders), and informed trading, based on information
asymmetry arising from the capacity to access new information ahead of the majority of other
market participants. In other words, the informed trading involves one’s ability to outpace the
majority of the market in finding information. This is crucial for cryptocurrency markets with a
wide range of algorithmic funds, trading high volumes, which appear to have much higher compu-
tational power and are superior and faster in analyzing numerous market variables than average
traders.

Thus, this research extends the application of the informed trading metrics and introduces
some novel modifications to their estimation, testing them on both real and simulated data, which
in turn leads to the following objectives and results. Firstly, we compare the empirical evidence
of informed trading metrics on the cryptocurrency market to the existing ones of the stock market.
We find that as in case of stocks less liquid cryptocurrencies tend to have higher probability of
informed trading. Secondly, we introduce a modified approach to estimation of APIN model,
which substantially improves its theoretical accuracy. Finally, we propose a new technique of
trades aggregation for estimation of daily PIN and APIN and try to identify the most efficient
frequency to combine trades. Using simulated data we determine that for frequencies higher than
15 minutes the improvement in accuracy is not proportional to increasing computational diffi-
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culty. Empirical series of both PIN and APIN prove that using higher frequency aggregation that
one day provides more meaningful output, however, the behavior of the metrics at higher fre-
quencies can vary due to potentially arising heterogeneity in the order flow and inability to de-
termine at which exact frequency sophisticated algorithms are more likely to trade. We sidestep
discussions regarding the PIN’s theoretical drawbacks and the ongoing theoretical discourse on
whether solely analyzing order imbalance suffices is enough to detect informed trading, as well
as the usage of alternative methodologies.

The remainder is organised in the following way: Section 2 is devoted to literature review,
Section 3 describes the models used, Section 4 discusses the estimation novelty of APIN model,
Section 5 describes trades bucketing and optimal aggregation frequency to enhance efficiency of
metrics, Section 6 presents data overview, while Sections 7 and 8 provide main results and con-
clusion.

2. Literature Review

Constructing a good metric of informed trading has become a topical question in financial
microstructure literature. Hasbrouk (2007) claims it to be one of the integral aims to identify
information asymmetry in financial markets. Information asymmetry occurs when information
is not delivered to all investors identically in terms of time and costs. This allows for some agents,
who are relatively more informed, to benefit from market operations, also affecting other inves-
tors. Informed trading has long been pervasive in equity markets, often observed surrounding
numerous M&A and takeover transactions [Brennan, Huh, Subrahmanyam, 2017]. Furthermore,
its presence is intricately linked to the concept of price stability.

This problem becomes even more topical in the context of the cryptocurrency markets.
In traditional equity markets there is a range of tools, smoothing the presence of private informa-
tion such as regulatory frameworks, under which companies should disclose and update infor-
mation publicly, to different trading rules, that guarantee punishment for unethical operations.
As for crypto markets, they still lack regulation and in the absence of disclosure systems ordinary
investors are left with very limited sources of information, which enhances information asymme-
try. The latter is further expanded since cryptocurrency systems, blockchain technology and
other related issues are still too complicated and not quite transparent to typical users. European
Central Bank (2012) argues on the complexity of cryptocurrency frameworks, which combined
with availability and accessibility of the software, might lead to high risks. Agents, who do not un-
derstand how such systems work, will still download the applications and will conduct operations.

This paper extends the application of most widely used structural models to the crypto-
currency markets with some new modifications, enhancing their efficiency. Current literature
counts a limited number of research papers, evaluating information asymmetry and even less via
structural models. Feng et al. (2017) use their own version of volume imbalance indicator to iden-
tify informed trading, associated with bitcoin (BTC). They estimate the metric around some im-
portant public announcements and find evidence of informed trading activity prior to events,
associated with both negative and positive news. Felez-Vinas et al. (2022) finds informed trading
before 10-25% of cryptocurrency exchange listings, while Westland (2021) identifies trade in-
formativeness as a princial driving force of liquidity in the BTC markets. Regarding structural
approaches, Park and Chai (2020) applied PIN metric on several cryptocurrency tickers and con-
cluded that cryptocurrency markets exhibit similar levels of information asymmetry as tradition-
nal equity markets.
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There exist several structural approaches to measuring information asymmetry. Easley
et al. (1996) proposed one of the most popular metrics - Probability of Informed Trading (PIN)
which captures the posterior probability of informed trading. PIN model is based on the Glosten
and Milgrom (1985) framework and uses the observed order imbalance to identify information
asymmetry. By order imbalance in this case we understand the difference between buyer and sel-
ler initiated trades. Easley et al. (1996) observe that less liquid stocks have larger bid-ask spreads
than more liquid ones, which among other reasons, can be also explained by private information,
leading to higher risks and wider spreads. This is confirmed by the empirical results of PIN model
which showed higher values, on average, for less frequently traded stocks. In this paper we con-
duct similar analysis, but for cryptocurrencies.

However, original version of PIN was found to have some disadvantages, both technical
and empirical. As for technical ones, it performed poorly on the data with large trading volumes,
leading to floating point error (FPE). The likelihood function in the model contains factorials
(trades are assumed to have Poisson distribution) which cannot be computed for some large
numbers. Another problem is related to computer optimisation procedure in general. Modern
optimization algorithms suffer from the problem of obtaining local maximum instead of the glo-
bal one, thus, applying original PIN model without any further modification could lead to biased
results. These two inefficiencies were tackled by Lin and Ke (2011) and Yan and Zhang (2012)
that introduced modified likelihood and initial parameters algorithm, based on the method of
moments conditions, implied by the PIN model. The usage of these two sub-models in PIN esti-
mation substantially increases the computational complexity, but, on the other hand, significantly
improves the accuracy. Considering empirical disadvantages, Collin-Dufresne and Fos (2012) and
Aktas et al. (2007) show that PIN provides contradictory low values when the detected presence
of insider trading was high. This creates an issue similar to joint hypothesis problem since we
cannot distinguish between the model itself fails or rather order imbalance itself is not sufficient
to reveal informed trading.

Still, the most important flaw of the PIN model was revealed by Duarte and Young (2009).
They showed that empirically buyer and seller initiated trades have positive correlation in the
stock market, which PIN fails to capture, since this correlation can only be negative theoretically.
Thus, they introduced a modified version Adjusted PIN (APIN) which allows for positive correla-
tion. By comparing the results of these two models, they introduce the hypothesis that original
PIN model might be a liquidity measure rather than a metric of informed trading. APIN, being the
nested model of PIN, inherits both FPE and local maximum problems. We propose the solution in
the fashion of Lin and Ke (2011) and Yan and Zhang (2012) for PIN. There is a similar attempt
to tackle these issues, outlined in the preprint paper of Ersan and Grachem (2023), who introdu-
ced the same modification to the likelihood function, but different version of initial parameters
algorithm.

Among other models, not considered in this paper, the most prominent were VPIN [Easley,
Lopez de Prado, O’Hara, 2012] and OWR [Odders-White, Ready, 2008]. The first was proved to
converge to PIN and, thus, was considered as its approximation due to simple estimation proce-
dure that does not involve estimation of intermediate parameters. As for OWR, in contrast to PIN
and APIN, it is based on Kyle (1985) and takes as additional inputs intraday and overnight re-
turns besides order imbalance (only input for PIN and APIN). However, it fails to estimate directly
the proportion of informed trading, forecasting only the value the probability of the private signal
in the market. This, on the one hand, limits its comparison to PIN and APIN, while still enables to
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check the hypothesis whether order imbalance alone is enough to identify informed trading.
Unfortunately, OWR is hardly applicable on the cryptocurrency markets since crypto exchanges
accepts trades 24 hours and overnight returns, implied by the model, lose their tractability.

3. Theoretical Review (PIN and APIN)
3.1.PIN

This section describes the underlyings of the PIN model applied in further sections. We
moved away from the traditional set-up (EKOP) [Easley et al,, 1996] to its updated version (EHO)
[Easley et al,, 2002].

Model outline. There are two types of traders: informed traders who obtain private infor-
mation and use it for speculative trading and noise traders, trading for liquidity or other exoge-
nous purposes. Moreover, there is a market maker, setting bids and ask quotes according to buy
and sell orders flow and estimating the probability of receiving orders from informed traders. At
the beginning of each day there is an independent private information event which occurs with
probability a. This event can be bad (negative signal) with probability & and good (positive sig-
nal) with probability 1— 0. Defining the arrival rates of uninformed buyers and sellers and in-

formed traders are distributed by Poisson process as €, €5 and L respectively, on the day with

positive signal the total buy order flow is L+ €, and the total sell order flow is €. On the day
with negative signal everything is vice versa (see the Fig. 1).

Buys ~ Poi(ep + )
Sells ~ Poi(e,)

Positive
signal
1-8

Private
Informatio
a Negative
signal
8

Buys ~ Poi(ep)
Sells ~ Poi(e; + )

No Private
Information
1—a
Buys ~ Poi(ep)
Sells ~ Poi(eg)

Fig. 1. Trading process tree!

1 This diagram represents the trading mechanics, described on the previous page, where o,9,&,,€;
and p stay for probability of private information event, probability of negative signal, rate of uninformed
buy and sell operations rates and informed trade arrival respectively.
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Using homogenous Poisson processes, the following Likelihood function is derived:

Sf gS
=(1-— o8 8h e Os
L(©|B,S)=(1-a)-e e
S
(1) 5o B e (HEE)
B! S!
+Ot‘(1—8)-e_(“+sb).M.efas.i
B! St

where ® = (a,ﬁ,u,sh,ss) is a vector of parameters and (l - oc) , 00, O (l - 8) are no news,

bad news, good news trading days respectively, while B and S are total Buy and Sell operations
per day.

Formulating the maximization problem for t trading days is similar to the product of daily
Likelihoods functions. Taking log (monotonic transformation) makes this equivalent to the sum
of daily Log Likelihood functions:

(2) v=[1L(®|M)=>logL(6|M),

where M = ((Bl,S1 )sees(B,, S, )) is vector of Buy and Sell orders.

Finally, having solved the maximization problem, we obtain the optimal parameters values
which are used for PIN calculation. PIN (probability of informed trading) is calculated as ratio of
expected informed arrival rate to expected total arrival rate:

o-p

(3) PIN=——%
o-p+g,+E,

Formula 3 takes into account both insider and noise trading and beliefs of liquidity provi-
der. For instance, if there are only informed trades, based on private information, (SS =g, = O)
then PIN = 1 and there is a wide bid-ask spread. Considering the case without private signal or
no insider trading (u =0ora= O) the PIN = 0 is obtained and there is no spread. Here we can

observe the main distinction in the approach in the EHO model presented above and the original
EKOP. In the EKOP model there is no differentiation between uninformed buyers and sellers, they

are assumed to act at the same rate €, = ¢, = £. However, in considered EHO specification, li-

quidity buyers and seller participate with unique rates €, and ¢, respectively.

3.1.1. Factorization techniques and initial parameters

PIN model estimation procedure has two technical inefficiencies that affect its output:
floating point error (FPE) and false boundary solutions. The first one appears due to factorials in
the likelihood functions which cannot be computed for some large numbers, while the latter is
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related to the computer estimation problem, where the optimization algorithm stops at local
maximum.

These two problems were solved by modified likelihood and initial parameters algorithm,
introduced by Lin and Ke (2011) and Yan and Zhang (2012), respectively. We will return to these
submodels in further sections when consider APIN, which being the nested model, suffers from
the same issues. However, these two algorithms were not modified, so this paper contributes by
provided new versions of initial parameters and likelihood, but for APIN, in Section 4.

3.2. Why should not we stop at PIN?

The main caveat of PIN is that it theoretically does not allow positive correlation between
Buy and Sell trades In terms of the model, the mathematical expression is always negative,
while the empirical correlation appears to be positive (see Table 1). Thus, there is a need for an
extension, solving this puzzle - Adjusted PIN.

Table 1.
Correlations between buyer and seller initiated trades
(year 2022)

Ticker Mean Median Max Min
XBT 0.907 0.929 0.996 0.47
XRP 0.825 0.874 0.999 0.107
DOGE 0.692 0.752 0.999 -0.724
SOL 0.701 0.738 0.998 0.019
ADA 0.564 0.634 0.993 -0.297
LINK 0.647 0.67 0.999 -0.067
LTC 0.636 0.735 0.999 -0.164
AXS 0.499 0.573 0.988 -0.340
AVAX 0.526 0.561 0.996 -0.166
BCH 0.525 0.592 0.991 -0.471

3.3.APIN

This model, introduced by Duarte and Young (2007) is an extension of PIN (EHO) model.
As in the original model, there are two types of traders (insiders and noise), and with probability
o there is a private information event, which can be either positive or negative with underlying
probabilities 6 and (1 - §), respectively. However, we allow informed traders to be heteroge-
neous and perform Buy/Sell trades at different rates: , and ;. Moreover, we introduce an event
of symmetric order flow, leading to additional Sell (A;) and Buy (Ap) orders at the same time.
This modification enables the model to match the empirically observed positive correlation bet-
ween Buy and Sell orders, which the traditional PIN model fails to do.
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Symmetric Order Buys ~ Poi(d, + €, + 1)
Flow Shock .
Sells ~ Poi(As + €5)

Positive
signal

s Buys ~ Poi(e, +p,)

Sells ~ Poi(e)

Private Buys ~ Poi(A, +€,)
Information Sells ~ Poi(Ag + €, + pg)
@ Negative
signal

1-8

Buys ~ Poi(e,)
Sells ~ Poi(eg + )

No Private
Information
1-a
Buys ~ Poi(A, +€,)
Sells ~ Poi(A; + €5)

Buys ~ Poi(g;,)
Sells ~ Poi(e,)

Fig. 2. Adjusted PIN model Prob. Tree?

Using the Poisson distribution assumption, we arrive at the following Likelihood function:

sf" SSS"

L(©]B,.5,) = n| (1-a)(1-0)exp(~e, —2, ) 7%

(Sb + Ab )Bi (83' + As )Si
B,S,!

(4) +(1-0)0exp(—¢, -, —A, —A)) +
e (u, +e,)"

+a(1—9’)(1—6)exp(—8b—us_Ss) B1S.|

2 Adjusted trading process tree. This diagram represents the trading mechanics, where «.,3,0,0’,

Mysl,,€,,€,A, and A  stay for probabilities of private information event, of positive signal and of

symmetric order flow in case of private event and its absence, rate of informed buy and sell operations,
rates of noisy buy and sell operations and symmetric buy and sell rates, respectively.
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(8,+4,)" (s +e, +A,)"
B,!S,!

(i +e) e
B,S,!

+0a0'(1-8)exp(—¢, —&, —p, —A, —A,) +

+o(1-0")3exp(—p, — ¢, —¢,)

(ny+&, +4, )B" (e, +A, )S"
BIS,!

b

+00'8exp(—p, —€, -, —A, —A,)

where © = (a,S,B,G',ub,us,sb,ss,Ab,As) are probability of news, probability of good news,

probability of symmetric buy and sell trades, given there is NO private signal, probability of
symmetric buy and sell trades, given there is private signal, insider’s buy and sell trading rates,
noise traders’ buy and sell trading rates, additional buy and sell trading rates in case of sym-
metric trading event, respectively, while B and S are total Buy and Sell operations per day.

In order to tackle factorials, which cannot be computed for large numbers, Duarte et al.

0 By o Bin(s,)-3! ()
(2007) modifies the Likelihood, using e Eb' ~e o) L™ trick.
Given independence of information signals for each particular day, we can reformulate
the maximization problem for ¢ periods as:

(5) v =TT{L(0]B.5)} =Y logL(®|B.S).

Formula for Adjusted PIN is the ratio of expected insider trading order flow to total or-
der flow (nested PIN formula):

o8-y, +(1-8) )
a((1-8)-p, +8-p, ) +(A, +A, ) (0 0'+(1-a)-0)+2, +5,

(6) Adj PIN =

4. Two New Algorithms to Enhance APIN Estimation

Being nested version of PIN model, APIN inherits FPE and local maximum problems, de-
scribed in the Subsection 3.1.1. However, to our best knowledge, although these problems were
solved for PIN, this issue was not widely reconsidered for APIN.

We propose a new algorithm of initial parameters and new modified likelihood for APIN,
based on ideas of Yan and Zhang (2012) and Lin and Ke (2011), which demonstrates a signifi-
cant boost in accuracy on a simulated data sample.

4.1. New factorization technique and initial parameters algorithm for Adjusted PIN
Using the intuition and ideas from Lin and Ke (2011) and Yang and Zhang (2012) models

for PIN, in the following two subsections we derive their modified versions for Adjusted PIN
framework.
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New factorization technique

As in Lin and Ke (2011), we base our derivation on two main ideas:
x+y

1. Computer provides more stable estimates for ¢**” rather than for e*e” .

2. We should avoid plugging too large inputs into exp() and too low ones into In(). For
instance, if we want to estimate 1n(e”y + ez) we should better rewrite as:

xX+y z\ k
e’ +e)e
%) In () h ) | In (e 4 e ),
e

where k = max (x+ y,z).

This trick guarantees the expression inside logarithm is always greater than one and we
do not obtain ex,x > 710, leading to overflow.

Applying these two principles on the initial Likelihood function, we get the more accu-
rate expression:

L(®|Bi,Sl.) = ln[(l — oc)(l — G)exp(—emaxi ) +(1 — oc)Gexp(ell. — emaxi)+
+OL(1 — 9')(1 — S)exp(eZi —e )+ OLB'(I — S)exp(e3l. - emaxi)Jr

8 maxi
© +0u(1-0")3exp(ey; — €, ) + 00'3exp(es; — e, ) |~ (8, +5,) +

+8,In(g, )+ B;In(g ) + €, — In(B;!S,!),
where ¢, =—A, —A; +B;In(1+A, /e, )+ S;In(1+ A, [e,),
e, =—p, +S5;In(1+p, /e,),
ey =—p,—A,—A +BIn(1+A, /e, )+ S, In(1+[p, +A,]/e,),
ey =—W, +B;In(1+p,/e,),
e ==, —A, —A +BIn(1+[p, +A,]/e,)+ S, In(1+A, [e,),

Conaxi = maX(eli’eZi’e3i’e4i’eSi)'

New initial parameters algorithm

We will use a more parsimonious specification with 10 parameters to estimate (settin
p p p g
0=0"):
0= (a,S,G,us,ub,ss,sb,As,Ab).

We use 1-st and 2-nd moment conditions:

9) E(B)=¢,+0A, +odp,,
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(10) E(S)=¢,+0A, +a(1-3)p,,
(11) E(B*)=¢; +ady; +0(A] +2¢,A, )+ 208y, (&, + 04, ),
(12) E(S%)=gl +a(1-8)u +0(A] +28,A, )+ 20 (1-8)u, (5, +0A,).

As E (B ) is always greater than ¢,, so we set the latter to be proportion of the sample
analogue g, :yg, where y:{0.1,0.3,0.5,0.7,0.9}. In the same fashion we set, €, =y§,
where y' = {0.1,0.3,0.5,0.7,0.9} .

As for probabilities of signal, positive signal and symmetric order flow shock we assign
the following set of potential values to them:

o= {0.1,0.3,0.5,0.7,0.9},
o= {0.1,0.3,0.5,0.7,0.9},
0= {0.1,0.3,0.5,0.7,0.9}.
As a result, we have 5° = 3125 initial values to estimate, which makes the algorithm ex-

tremely computationally intensive. Thus, in further analysis and testing we set y =7y' which

decreases the number of points to 625. Moreover, we will also exclude some of them due to
elimination of negative roots.

4.2. Monte Carlo simulation

In order to test the increase in accuracy we simulate the order flow, based on theoretical
parameters:

Parameter Description Value
o prob. of signal U[0,1]
) prob. positive signal U[0,1]
0 prob. symmetric order flow U[0,1]
1 total trade intensity 2500
Du proportion of informed traders as proportion of / U[0,1]
Py, informed who buy U[0,1]
p proportion of noise traders U[0,1]
De, noise who buy U[0,1]

pAb additional buy trades under symmetric order flow U[0,1]




626 HSE Economic Journal No 4

Thus, we get the following theoretical rates:

(13) My =py-py, L

(14) us=pp-(1—ppb)~l,

(15) ey =(1=pu) P, 1.

(16) e, =(1-p,)-p(1-p,,)- 1,

(17) Ay =(1=-p,)-(1=p.)- pa, - 1.
(18) A =(1-p,)-(1=p,)-(1- s, )- 1.

As we know the theoretical rates, we can estimate the implied true value of APIN:

o (8-, +(1-8)-p,)
(X'((l—S)-}lb+8-},ls)+(Ab+AS)-(OL'6,+(1—(1)-9)+85+8b.

(19)  Adj PIN =

Finally, using Poisson distribution, we generate the Buy and Sell trades:

Buy ~ Poisson(ab,ub,Ab|®),

Sell ~ Poisson(ex,us,As @).

If there is no signal (a = 0) then there are only noise traders in the market,
Buy ~ Poisson(sb) and Sell ~ Poisson(ss) or if there is a positive signal with event of sym-

metric order flow then Buy ~ Poisson(g, +p, +A,), and Sell ~ Poisson(e, + 1, +A,). Fi-

nally, we utilize the generated order flow to obtain an estimate of theoretical APIN.

We use this Monte Carlo setting to show that our two estimation procedures for APIN
substantially improves the accuracy of model’s predictions. To show this we compare two speci-
fications:

1. "Naive APIN" (Used by Duarte and Young):

e Duarte Likelihood function;
e Tenrandom initial points for optimization’
2. Modified APIN (Our version):
e New likelihood (Section 4.1);
e New initial parameters algorithm (Section 4.1).

We find that APIN estimates with our proposed algorithms (Modified APIN) are much
more precise than the original version (Naive APIN), derived and applied empirically by Duarte
and Young.
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From the figures above we can infer a large difference in the results. Naive APIN fails
and cannot predict the true value of the metric. However, it is not due to the model being bad
itself, but because of estimating inefficiencies that were solved by our approach. Modified APIN
has a very high precision and we observe 45 degree line between estimates and theoretical
values of metric and underlying parameters almost in all graphs.

5. Identifying Optimal Aggregation Frequency

Previous empirical studies on stock markets typically estimated daily PIN and APIN, using
order imbalance, calculated as a difference between buyer and seller initiated trades, which are
in turn aggregated for the whole trading day. However, we find this approach not effective, since
it uses only vector of two data points for the maximum likelihood optimization which is likely to
provide false solutions. Some other papers, such as Cepoi et al. (2023), estimate PIN for some
given period, that is taking as set of daily aggregated trades and use it to estimate the value of
parameters for several days, weeks or even months, assuming parameters are identically dis-
tributed for each day.

Thus, using the idea of period estimation, in this paper we try to mitigate the inefficien-
cies of previous researches, estimating daily PIN and APIN, by aggregating trades at higher fre-
quencies rather than day, i.e. 2 hours, hour, 30 minutes, and other. Figure 5 illustrates this ap-
proach of bucketing trades within the day, which if summed will provide the aggregate daily or-
der imbalance. This approach allows to significantly increase the number of data points used, ho-
wever, at the cost of assumption that all these trades come from the same distribution, which is
still more natural in our setting of daily metric estimation rather than weekly or monthly alter-
natives.

This assumption is additionally supported by two other arguments. Informed trading im-
plies not only some illegal activity before public events but also cyclical activity of sophisticated
algorithms that outperform the market due to increased ability of finding and analysing infor-
mation. Thus, the assumption that with the same probability there is a signal every hour within
one day is not as unrealistic. Another supporting idea is the notion of strategic trading. To
avoid large effect on the price, informed traders might trade several times instead of executing
the whole order immediately, thus, considering several order imbalances, by aggregating trades
frequencies higher than by day, is expected to provide more relevant outcomes.

In order to assess the validity and improvement in accuracy, we apply two Monte Carlo
simulations similar to the one described in the previous subsection to generate theoretical or-
der flows for PIN and APIN set-ups and evaluate performance of the models with different fre-
quencies of trades aggregation as inputs. In Section 4 we have shown that our introduced modifi-
cation for APIN estimation procedure provides more efficient results theoretically, so we use
this modified APIN specification in the current and all further sections.
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Fig. 7. APIN Monte Carlo simulation scheme for optimal frequency testing

The identification of the potentially optimal aggregation frequency is based on the tradeoff
between accuracy and estimation time. By increasing number of data points, we might obtain a
more accurate estimate, however, more time to run optimization is needed. Thus, we suppose
that after some frequency the improvement in accuracy is so small that it does not offset the
increase in the computation time, implying the existence of "optimal" frequency. If estimation time
increases at higher rate than decrease in the Mean Squared Error (MSE) between theoretical
value and the predicted one, then the choice of higher frequency to increase data points might be
sub-optimal.

Initially we generate 1440 buyer and seller initiated trades that represent the trading
frequency of 1 minute within 24 hours. Then we aggregate them on the levels of 5 minutes, 15
minutes up to the daily volume. Since our approach implies that the underlying distribution is
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the same, for all frequencies we have the same parameters q, §, 6, the only thing that changes is
the rates of trading which due to additive nature of Poisson distribution increase proportionally
with the increase of the respective time interval. For PIN model we generate a separate order
flow in the same fashion as for APIN, but with the reduced vector of parameters that corre-
spond to PIN only: ® = (a,S,u,ab,ss) .

Based on our simulations, we obtained the following results:

Table 2.
APIN and PIN
(estimation time vs accuracy)

Agg. Freq APIN MSE APIN time PIN MSE PIN time
Day 0.13 0.00 0.20 0.00
2h 0.09 0.02 0.01 0.01
1h 0.09 0.03 0.01 0.02
30 min 0.08 0.04 0.00 0.04
15 min 0.08 0.08 0.00 0.08
5 min 0.08 0.21 0.00 0.23
1min 0.04 1.00 0.00 1.00

2,

30 mirs,

Bmin ————5mn

MSE

— ‘1 min

000 025 050 075 1.00
Time

Fig. 8. APIN Optimal Frequency
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Fig. 9. PIN Optimal Frequency

According to the figures above, for both PIN and APIN, we can detect convergence: at some
frequencies the decrease in MSE is relatively much smaller compared to the increase in estima-
tion time (normalised to be between 0 and 1). As for APIN, aggregation of trades at 15 and 5 minu-
tes gives almost the same precision level, while estimation duration increases almost in 3 times.
Even sharp decrease in mse at 1 min does not offset higher estimation time. Considering PIN
this convergence is even higher and we obtain similar MSE estimates at even lower frequencies.

Thus, based on model’s accuracy and estimation complexity trade-off, we find it optimal
to evaluate both models, using data aggregation frequencies not higher that 15 minutes. Taking
higher frequencies substantially increases the computation time without providing the propor-
tional improvement in precision. Moreover, such conclusion is only valid if we assume the same
distribution of information signal and of the parameters within the same trading day. The analy-
sis of optimal frequency could also be further improved by taking into account liquidity issues
that could theoretically affect the order flow distribution.

6. Data

This paper considers 10 cryptocurrencies, analyzed over year 2022. The number might
seem limited due to high computational intensity, however, these tickers account for the major
part of the total market volume. The data was taken from BitMex exchange which is considered
one of the largest and focuses on professional investors, by offering leveraged products and de-
rivatives. The latter makes it a good candidate for searching for informed trading activity of HFT
funds and sophisticated traders. As already mentioned above, on ordinary computers some
model specification may take ages to run, thus, main part of results is obtained using HSE su-
percomputer Charisma with parallel computing on 48 cores.

In order to contrast some empirical conclusions about stocks markets, we also divide the
cryptocurrencies into two groups in terms of liquidity, using Amihud Liquidity measure by Ami-
hud (2002).
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Table 3.
Liquid group:
averaged daily statistics summary
Symbol ADV Daily volatility Daily turnover Daily number of trades
XBTUSD 20,443 0.03 578,098,937 105,580
XRPUSD 16,490,744 0.04 9,766,290 12,230
SOLUSD 154,058 0.06 7,162,003 10,704
DOGEUSD 45,645,322 0.05 5,287,247 5,781
LTCUSD 47,551 0.04 4,272,178 6,760
Table 4.
Illiquid group:
averaged daily statistics summary
Symbol ADV Daily volatility Daily turnover Daily number of trades
ADAUSD 5,407,374 0.05 3,540,267 5,336
BCHUSD 11,182 0.04 2,194,354 3,748
LINKUSD 205,863 0.05 2,332,850 3,944
AVAXUSD 31,044 0.06 1,166,538 1,322
AXSUSD 12,497 0.06 380,240 593

Note: Average Daily Volume (ADV) is estimated based on units of each cryptocurrency, while Daily Turno-

ver is measured in USD.

7. Main Results

7.1. Different aggregation frequencies

7.1.1. Aggregation of trades by Day vs Higher
aggregation frequencies

As it was shown in the previous subsections, the lowest type of trades aggregation by Day
is hardly likely to be efficient and provide meaningful results on large volumes. Empirical data
support this idea and it can be inferred from Fig. 10 that PIN takes value of zero for XRP and
LINK, which is also true for other cryptocurrencies. This is quite intuitive since daily aggregated
trades contain a lot of noise and are unable to capture informed trading activity. On the contrary,
unifying trades even every two hours, provides much more information about order imbalance
dynamics within the day and results into much smoother non-zero series.

From Tables 5 to 8 we can infer that Illiquid cryptocurrencies, on average, have higher PIN
values which is consistent with results for stocks by Easley et al. (1996), however, the average
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probabilities of signal («) and whether it is negative (8) are approximately the same. The higher
PIN value illustrates the fact of higher information asymmetry, compared to liquid cryptos, that re-
sults into higher probability of informed trades which investors incorporate into risks and spreads.
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& - AN \ N K TP ARRRPEEE 0 . \
02 - Nt ., \\\ ~. ., \
.
0.0-
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Time
—— XRPbyday --- XRP by 2 hours
(a) Aggregation by Day (Liquid)
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04 . N P
02 ) pEPLae T N e - .. P Teel - !
0.0
Jan 17 Jan 24 Jan 31 Feb 07 Feb 14

Time
— LINKbyday --- LINKby 2 hours
(b) Aggregation by 2 hours (Illiiquid)

Fig. 10. PIN (Aggregation of trades by Day vs 2 hours)

Table 5.
(PIN day) Mean values for 2022 (Liquid Group)

Ticker | fod l [ | n b &5 PIN
XBT 0.77 0.39 1,628,523,555.11 288,366,367.48 284,193,731.31 0.01
XRP 0.95 0.39 1.65 1,375,244.04 1,475,855.48 0.00

DOGE 0.96 0.34 1.00 750,952.08 813,102.24 0.00
SOL 0.94 0.39 4.75 3,272,167.48 3,474,144.79 0.00
LTC 0.95 0.36 0.51 414,825.29 426,370.17 0.00
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Table 6.
(PIN 2h) Mean values for 2022 (Liquid Group)

Ticker ‘ a ‘ ) ‘ 1 €b €s PIN
XBT 0.33 0.56 32,224,410.10 20,098,959.30 18,896,418.32 0.18
XRP 0.31 0.65 240,970.23 94,715.38 86,625.47 0.24

DOGE 0.37 0.58 128,192.90 47,079.93 49,645.83 0.26
SOL 0.34 0.56 521,216.93 213,391.47 203,714.50 0.24
LTC 0.37 0.55 55,568.65 28,080.93 26,368.23 0.22

Table 7.
(PIN day) Mean values for 2022 (Illiquid Group)

Ticker ‘ fod 1 | n b &s PIN
LINK 0.94 0.39 0.40 362,753.11 366,862.86 0.00
ADA 0.97 0.36 1.21 1,034,714.10 1,069,847.69 0.00
AXS 0.94 0.32 0.22 229,249.37 230,249.46 0.00

AVAX 0.92 0.36 0.07 60,732.26 63,513.44 0.00
BCH 0.95 0.37 0.27 219,845.93 223,297.79 0.00

Table 8.
(PIN 2h) Mean values for 2022 (Illiquid Group)

Ticker ‘ a 8 ‘ 1 €b €s PIN
LINK 0.38 0.51 61,992.57 21,418.35 22,997.43 0.26
ADA 0.36 0.55 200,742.19 64,032.58 63,801.74 0.26
AXS 0.33 0.53 76,825.21 11,356.58 10,266.97 0.48

AVAX 0.36 0.54 13,672.18 3,452.49 3,369.22 0.40
BCH 0.39 0.57 30,879.36 14,373.89 13,416.71 0.25

As for APIN, we observe a different behavior. Even at the lowest trade aggregation fre-
quency of one day (Fig. 11), they show non-zero pattern in contrast to PIN. This might be consi-
dered as an additional confirmation that PIN model fails due to its theoretical inefficiencies espe-
cially in a high trading volume environment. Still, the behavior at daily aggregation is quite vola-
tile, constantly jumping from zero to higher values and although APIN-s are mainly non-zero,
we can observe that parameters q, §, 8 tend to have boundary values of 1 (Tables 9 and 11).
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Higher aggregation frequency at 2 hours, results into much smoother and ergodic beha-
vior and provides lower values for APIN with parameters being far from boundary solutions.
Combined with other facts considered, this provides another argument for confirming that ag-
gregation at low frequencies such as one day might not be efficient.

Interestingly, the phenomenon of higher informed trading for not liquid cryptocurrencies
does not exist at daily trades aggregation rather than at higher frequencies such as 2 hours (Tab-
les 9-12). We can attribute this to the fact that daily order imbalance is too noisy and does not
provide meaningful insight into informed trading activity, so the APIN tends to be affected by
large absolute values of trading volume (volume for liquid cryptos is much higher), leading to a
higher metric’s value for liquid groups. Trades aggregation at higher frequencies decreases the
absolute value of individual order imbalances and provides more information about their dynam-
ics throughout the trading day.

Jan 17 Jan 24 Jan 31 Feb 07 Feb 14
Time

—— XRPbyday --- XRP by 2 hours

(a) Aggregation by Day (Liquid)

Jan 17 Jan 24 Jan 31 Feb 07 : Feb 14
— LINKbyday --- LINKby 2 hours
(b) Aggregation by 2 hours (Illiiquid)
Fig. 11. APIN (Aggregation of trades by Day vs 2 hours)

Table 9.
(APIN day) Mean values for 2022 (Liquid group)
Ticker [od 1-96 0 APIN
XBT 1.00 0.50 1.00 0.36
XRP 0.82 0.48 0.81 0.27
DOGE 0.78 0.44 0.78 0.25
SOL 0.82 0.47 0.81 0.27

LTC 0.81 0.45 0.82 0.27
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Table 10.
(APIN 2h) Mean values for 2022 (Liquid group)
Ticker a 1-98 0 APIN
XBT 0.69 0.50 0.44 0.17
XRP 0.69 0.51 0.42 0.19
DOGE 0.70 0.50 0.44 0.21
SOL 0.71 0.47 0.45 0.2
LTC 0.69 0.48 0.45 0.19
Table 11.
(APIN day) Mean values for 2022 (Illiquid group)
Ticker [od 1-8 0 APIN
LINK 0.77 0.49 0.75 0.24
ADA 0.82 0.48 0.78 0.26
AXS 0.82 0.42 0.71 0.29
AVAX 0.79 0.48 0.62 0.25
BCH 0.85 0.44 0.76 0.28
Table 12.
(APIN 2h) Mean values for 2022 (Illiquid group)
Ticker a 1-98 0 APIN
LINK 0.69 0.51 0.44 0.20
ADA 0.71 0.51 0.47 0.20
AXS 0.67 0.48 0.38 0.26
AVAX 0.61 0.52 0.38 0.25
BCH 0.68 0.51 0.41 0.19

in practice

7.2. Theoretically optimal higher aggregation frequency

From Monte Carlo simulation in Section 5, we found that it is not optimal to go higher ag-
gregating frequency than 15 minutes for both PIN and APIN models. According to our theoreti-
cal results, we expect to obtain more or less the same outputs for "medium" frequencies (2 hours
to 15-30 min), which means we can use lower frequency to decrease estimation time without
sacrificing much in accuracy.
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Figure 12 confirms our hypothesis and shows that trades aggregation at 2, 1 and 0.5 hours
provide very similar PIN series. Even when the lines do not coincide they appear to have similar
peaks and troughs and similar shape. However, it is worth noting 2 hours aggregation, on avera-
ge, provides lower PIN values, while 30 minutes - higher. This provides empirical difficulty of
selecting optimal aggregation frequency since such pattern is either a sign of potential differen-
ce in trading volumes, e.g. trading algorithms trade on higher frequency intervals such as every
30 minutes rather than 2 hours or an indication of increasing heterogeneity in order imbalances
that the model considers to be the sign of informed trading activity.
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(d) AXS (Illiquid Group)
Fig. 12. PIN (Aggregation of trades by 2 hours vs 1 hour vs 30 minutes)

As for APIN, from Fig. 13 we can infer that the notion of medium frequencies of data ag-
gregation being similar still holds, however, to a lower extent. There is some degree of prevailing
similarity in behavior, while at different moments of time series diverge from each other. This
further proves the frequency puzzle we described before. Various aggregation frequencies might
make the resulting order imbalance more or less heterogeneous and exante we do not know at
which frequencies informed trades are executed: they might be every hour or every 5 minutes.
That it is why, 1 hour trades aggregation could be slightly different from 2 hour and 30 minutes
aggregation, since informed activity might happen at the first frequency and not at the latter
ones. We will elaborate further on this discussion in further sections.
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Time
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Time
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(c) ADA (Illiquid Group)
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Time
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(d) LINK (Illiquid Group)
Fig. 13. APIN (Aggregation of trades by 2 hours vs 1 hour vs 30 minutes)

7.2.1. Potential implications of frequency aggregation technique

Although PIN and APIN have approximately similar behavior at medium frequencies up
to 30 minutes, that does not mean they have a similar shape at higher frequencies such as 1 or
5 minutes. Figure 14 shows that PIN estimates, based on 1 minute (blue dash dotted) and 15 mi-
nutes (black dashed) trades aggregation frequencies are different from the ones, based on 30 mi-
nutes (green). They are more volatile and have higher amplitude, on average. One may claim that
this proves higher frequencies of trades bucketing may be more efficient and accurate, however,
higher accuracy on the simulated data does not automatically imply the same on the real one.
This difference more probably shows that after some frequencies the model simply breaks and
starts to behave weirdly. The potential reason behind this issue is that at higher frequencies an
increasing number of considered order imbalances becomes more and more heterogeneous,
thus, the assumption of the same underlying theoretical parameters appears to be less valid.
Another explanation is that trading activity at different frequencies is also different. This argu-
ment is supported by the mean values and standard deviations of different specifications actually
divide them into two groups: they are approximately the same for 2 hours, 1 hour and 30 minu-
tes (medium frequencies) and also similar for 15 minutes, 5 minutes, and 1 minute (high frequ-
encies), respectively.
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Fig. 14. PIN XBT (30 min Aggr vs 5 and 1 min Aggr)
Table 13.
PIN BTC Averages (Different data)
Ticker l Avg(a) | Avg(5) Avg(PIN) sd(a) ‘ sd(8) ‘ sd(PIN)
XBT day 0.77 0.39 0.01 0.28 0.35 0.06
XBT 2 hours 0.33 0.56 0.18 0.15 0.4 0.06
XBT 1 hour 0.27 0.55 0.20 0.12 0.35 0.05
XBT 30 min 0.23 0.53 0.21 0.09 0.29 0.05
XBT 15 min 0.12 0.49 0.15 0.09 0.49 0.08
XBT 5 min 0.12 0.5 0.21 0.07 0.49 0.09
XBT 1 min 0.11 0.47 0.33 0.05 0.49 0.10

Similar pattern we observe for APIN, where 15 minutes trades bucketing leads to different
shape, compared to 30 minutes and 1 hour, which are quite alike. However, in contrast to PIN,
in terms of average values parameter and metric itself there is a convergence. On average, all
frequencies from 2 hours to 15 minutes give similar first and second moments values, while 15 mi-
nutes results into distinct behavior than medium frequencies that mimic each other. The increa-
sed heterogeneity in order imbalance with increased frequency, discussed above, in this model
averages, since agents that create heterogeneity come randomly at different time intervals and
throughout time offset each other. That is why, if we are interested in the metric as an overall
average market indicator there might be no need to consider super high aggregation frequen-
cies. However, the arguments for the model, breaking after some frequency still applies.

0.6

Jan17

Jan 31
Time

— XBT by 1 hour ==~ XBT by 30 min

Fig. 15. APIN XBT
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Table 14.
APIN BTC Averages (Different data)
Ticker | Avg() | Avg(®) | Avg(PIN) | sd() | sd(®) | sd®) | sa(piny
XBT day 1.00 0.50 1.00 0 05 0.05 0.1
XBT 2 hours 0.69 0.50 0.44 019 031 021 0.08
XBT 1 hour 0.66 0.48 0.45 026 034 026 0.1
XBT 30 min 0.66 0.52 0.41 035 042 032 0.14
XBT 15 min 0.63 0.5 0.46 038 042 037 0.17
XBT 5 min 1.00 0.50 1.00 0 05 0.05 0.1
XBT 1 min 0.69 0.50 0.44 019 031 021 0.08

7.3. Crypto Empirics vs Stocks Empirics

Table 15 summarizes empirical results of this paper and compares them to the existing
ones in the literature. Primarily, we are interested in comparison of stocks and cryptocurren-
cies and our results indicate that, on average, cryptocurrencies tend to have higher and more
volatile informed trading activity than stocks. In terms of methodology used, the most intrigu-
ing comparison is with the Duarte and Young (2018) which adopts APIN in their paper. They ob-
tain much higher values for stocks than our research identifies for cryptos. We consider that
difference comes from the methodology and the simplified estimation procedure utilized by
Duarte and Young. They use only 10 random starting points for optimization and make almost no
changes to the likelihood. In subsection 4.2 we actually compare their approach to our modified
one on simulated data and conclude that our new estimation procedure provides more accu-
rate results. Thus, they might get biased estimates, making our outputs less comparable. Moreover,
the majority of the papers does not have data about the seller and buyer initiated trades for the
stock markets, which is directly available for the cryptocurrencies. To solve this issue they have
to apply Lee and Ready (1991) algorithm which makes their results less sound. According to K.
Ellis et al. (2000) and E. Theissen (2001), the Lee and Ready algorithm proves to have an accu-
racy of 72.8% and 81.05%, respectively, in their tests. Such level of precision in turn provides
additional noise to the model’s input, leading to a less valid output.

Table 15.
Cryptocurrencies vs Stocks

Asset ’ Ne tickers ‘ Exchange ’ Year ‘ Paper Metric ‘Avg Value’ Std dev
Crypto 10 BitMex 2022 Authors PIN (day) 0.0011 0.02
Crypto 10 BitMex 2022 Authors PIN (2h) 0.2917 0.14
Crypto 10 BitMex 2022 Authors PIN (1h) 0.3190 0.15
Crypto 10 BitMex 2022 Authors PIN (30 min)  0.3758 0.15
Crypto 10 BitMex 2022 Authors APIN (day) 0.2740 0.16

Crypto 10 BitMex 2022 Authors APIN (2h) 0.2081 0.13
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Continuation
Asset ‘ Ne tickers ‘ Exchange ‘ Year ‘ Paper Metric ‘Avg Value‘ Std dev
Crypto 10 BitMex 2022 Authors APIN (1h) 0.2018 0.15
Crypto 10 BitMex 2022 Authors APIN (30 min) 0.2017 0.16
Stocks 243 NYSE 2012 Duarte, Hu and PIN (day) 0.382  0.135
Young (2018)
Stocks 243 NYSE 2012 Duarte, Hu and APIN (day) 0.455 0.092
Young (2018)
Stocks 10 NYSE Nov.1990 - Dey and Radhak- PIN (day) 0.209 0.048
Jan. 1991 rishna (2015)
Stocks 15 SIBE 2009 Abad and Yague  PIN (day) 0.172 0.029
(2012)
Stocks 12 BSE Feb.2020- Cepoietal (2023) PIN (week) 0.227 NA

Oct. 2020

From subsection 7.1 we inferred that illiquid cryptocurrencies tend to have higher met-
rics’ values than more liquid ones. This is consistent with stocks markets - results of Easley et al.
(1996) about US stocks and of Abad and Yague (2012) about Spanish equities.

8. Conclusion

This paper presents the new methodology to estimation of APIN and makes an empirical
study of PIN and APIN behavior in the cryptocurrency markets. We show that our method of ini-
tial parameters and modified likelihood may substantially increase the accuracy of the model,
compared to its simplified procedure currently applied in the literature. Moreover, new estima-
tion procedure for both PIN and APIN was introduced by aggregating buyer and seller trades at
higher frequencies than day to estimate metrics’ daily values. It was shown that theoretically
and empirically it is optimal to use medium frequencies for trades bucketing not higher than
15-30 minutes as the models may become more volatile due to more heterogeneous order im-
balances.

Availability of high frequency trading data as well as large proportion of sophisticated tra-
ders and algorithmic funds make cryptocurrency markets a promising alternative for informed
trading analysis. We find that as in the stocks markets both metrics indicate that less liquid
cryptocurrencies tend to have higher probability of informed trading. However, cryptocurren-
cies as an asset class have higher PIN values than stocks in different regions.

We also conduct several event studies and conclude that at medium aggregation frequen-
cies PIN and APIN provide some meaningful results, however, there is no single consistent pat-
tern, making it ambiguous whether models really work and can detect the presence of informed
trading precisely.

This work could be modified by considering several alternative issues that would make the
analysis even more profound. Firstly, it is worth considering more cryptocurrencies and wider
time horizon. Secondly, this work does not cover the topical debate whether PIN model measures
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informed trading or it is rather a liquidity measure, that would make its comparison to APIN
more solid. Thirdly, it is work extending optimal frequency analysis by incorporating the liquidity
consideration which might affect the order flow distribution. Fourthly, one could look at metrics’
behaviour not on the daily basis, but within trading day, that is apply our aggregation technique
to conduct trading bucketing within, for instance, one hour to predict hourly PIN and APIN. Fi-
nally, it is worth analyzing in terms of cryptocurrency markets whether order imbalance alone
is enough to detect informed trading or we should consider alternative models that take into con-
sideration more input variables. One of the potential approaches is OWR model [Odders-White,
Ready, 2008], based on Kyle (1985) framework. However, it is hardly applicable since it implies
the usage of overnight returns the notion of which does not exist in the cryptocurrency markets
as they accept trades 24 hours.
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WHopMHUpoOBaHHAA TOProBJisi HA pbIHKAaX KPUNITOBAJIIOT

Ky3bmuH 'puropuiit UBanoBu4l, By1aToB AJlekceil JpUKOBUY?

1 AcnupaHT, AcnMpaHTCKas IKOoJIa 0 3KOHOMMUKE,
HauuonanbHBIN Hcce0BaTeIbCKUM YHUBEPCUTET «Bricias mko/1a 3KOHOMUKH»,
11, llokpoBckuit 6-p, Mocksa, 109028, Poccus.

E-mail: gikuzmin@hse.ru

2 OpauHapHbIH podeccop,
HauuonanbHbBIN Hcce0BaTeIbCKUM YHUBEPCUTET «Bricias 1ko/1a 9KOHOMUKH»,
11, llokpoBcku# 6-p, Mocksa, 109028, Poccus.
E-mail: aboulatov@hse.ru

B naHHO#M pa6oTe sMNUPUYECKU OLileHWBAETCsl aCUMMeTpUss UHPOPMalUM Ha pbIHKaX
KPUIITOBAJIIOT C UCIOJIb30BaHWEM MeTPUK BepOSITHOCTH MHGOPMHUpOBaHHOro TpeiauHra (PIN)
u Adjusted PIN. 3T ppIHKH, XapaKTepU3yOLI1ecs BHICOKUM YPOBHEM aJIrOPUTMHYECKOH TOp-
rOBJIM U GOJIBIIMMHU 00'beMaMH JaHHbIX BbICOKOH 4acCTOTBI, IPeJCTaBJIAIT COO0M Nepcrek-
TUBHYIO CpeAly JJIs aHain3a MHPOPMUPOBAHHON TOProBOM aKTUBHOCTH. MbI BBOAUM MOJU-
dunnpoBaHHylo npoueaypy oueHku aias Adjusted PIN, ycTpansis omn6KY ¢ NJaBawolLen 3a-
NATOM U Mpo6JieMbl C JIOKAJbHBIMU 3KCTPEMyMaMH, YTO MOBBIIIAeT TOYHOCTb MO/JieJU IO
CPaBHEHMIO C TPAJULMOHHBIMU MOJX0/AaMH, LIMPOKO NPUMeHseMbIMU B JUTepaType. Kpome
TOro, Mbl [Ipe/ijlaraeM aJbTEPHATUBHBIN MeTO/, arperaliiy cAejoK Ha 6oJjiee BbICOKHX YacTo-
Tax, YeM TPaJUIMOHHOE eXKeJIHEBHOe arperupoBaHue, C LieJIbIo NOBbIIeH s 3G GeKTHBHOCTH
kak mogesiei PIN, Tak u Adjusted PIN. Ha ocHOBe aHa/iiM3a Kak CHMYJIMPOBAHHBIX, TaK U pe-
aJIbHBIX JIAHHBIX MbI [TI0KAa3bIBaeM, YTO arperipoBaHUe OOIero 4Yucja MOKyINoK U NMPoAaX 3a
JleHb NIPUBOJUT K MeHee 3HAYMMbIM OLleHKaM HM3-3a LIYMHOCTHU BXOJHBIX JAaHHBIX, 4TO 3a-
TPyZAHSET BblsIBJIeHHEe aKTUBHOCTH UHGOPMHUPOBAHHBIX TpeisiepoB. UCTUHHYIO ONTUMab-
HYI0 YacTOTy arperupoBaHMs CAeJsIOK ellle peJCTOUT HUCCIel0BaTh, TaK KaK C yBeJUYeHHeM
4acTOThI BO3pacTaeT reTepPOreHHOCTb AUCOaJaHCOB OP/IEPOB, 3 KOHKPETHBIE YaCTOThI, Ha KO-
TOPBIX JeHcTBYIOT UHPOPMHUPOBAHHbIE TPel/iepkl, I0Ka He ycTaHOBJeHbl. HakoHel, B xo/e
psAa SMIMPUYECKUX UCCIeJOBaHUM Mbl OLleHUBAaeM NOBeJleHue MeTPUK, BbIFABJIAS, YTO HeJIU-
KBH/IHble KPUIITOBAJIIOThI IeMOHCTPUPYIOT OTHOCUTEJNBHO 60Jiee BBICOKHE BEPOSITHOCTH UH-
$opMUPOBaHHOr0 TpelAUHIa. ITOT BBIBOJ COOTBETCTBYET aHAJOTMYHBIM pe3yJsbTaTaM, No-
JIydeHHBbIM Ha PbIHKax aKLH.

Katouesste caoea: PIN; Adjusted PIN; BeposiTHOCTh HHPOPMUPOBAHHOM TOPTOBJIY; PhIH-
KM KPUIITOBAJIIOT; aCUMMeTpHUs HHpopMaluu.

JEL Classification: G12, G14, D53, C13.
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