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Abstract

The rst chapter of this dissertation carries out a multidimensional investigation of weak-
form market e ciency for the stock market indices of the United States, Germany, and
ve CEE countries during the years following the 2008 Global Financial Crisis. We
analyze developments over time in the predictable power and potential pro tability of
three classes of well known technical trading rules applied to market index prices, sampled
at three di erent frequencies: daily, hourly, and 15-minute. We approach our analysis
by testing for true abnormal performance of trading rules using White's Reality Check
procedure as well as by evaluating a simple out of sample investment strategy based on
ex-post best performing trading rules. We nd that, while the developed stock markets
of the US and Germany exhibit results strongly consistent with market e ciency at

all three sampling frequencies, some evidence of predictable power of technical analysis
(consistent with the concept of adaptive e ciency introduced by Lo (2005)) is present
for the stock markets of Austria, the Czech Republic, Hungary, Poland, and Slovenia
at the two intraday sampling frequencies. However, the results are challenged when we
take transaction costs into account. Our proposed comparison of developed and emerging
stock markets provides new insights regarding the degree of market e ciency, especially
for intraday data and for countries that have experienced a transition to a market economy
relatively recently.

The second chapter utilizes trade-level data on WTI crude oil futures contracts
during the period 2017 - 2019 to assess the dynamics of market microstructure order
ow toxicity around the weekly regular US crude oil inventory levels announcements.
We estimate order ow toxicity using the Volume-synchronized Probability of Informed
Trading (VPIN) metric devised by Easley, de Prado, and O'Hara (2012) and we
investigate announcements by two di erent publishers. We nd that this probability
metric increases on average by 20% immediately (within seconds) after data publication
and the magnitude of this change is positively associated with the degree to which
the particular announcement can be regarded as surprising. Moreover, for the report
published by the US Department of Energy, we observe 20% smaller average values of
daily VPIN pro le during the 30 minutes leading up to the publication time, as opposed
to the same time of day on non-announcement days.

The third chapter investigates risk contagion dynamics within a set of the four most
liquid Eurozone sovereign government bond futures (France, Germany, Italy, and Spain)
during the period 2016 - 2020, applying the Diebold and YImaz (2014) connectedness
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framework. We nd that the overall system-wide connectedness, as measured by the
Total Spillover Index, varies between 30 and 72 percent, representing a moderately
interconnected system when compared to other benchmark studies. The connectedness
exhibits the tendency to rise sharply following geopolitical or macroeconomic shocks,
represented in our sample mainly by the Italian political crisis of 2018 and the Covid-19
outbreak of 2020. Italian government bond futures are the principal spillovers transmitter
vis-a-vis the rest of the system, despite the fact that the Italian bond market accounts
for a proportionately smaller fraction of the system's aggregate traded volume. While
the volatility transmitting role of Italy is predominantly associated with its internal
turbulent political development, Germany takes the leading role as the sample's volatility
transmitter of major global aairs. We additionally nd evidence of a signi cant
association between the degree of a country's directional spillovers transmission and its
underlying macroeconomic fundamentals, particularly the changes in the country's debt-
to-GDP ratio.
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Abstrakt

Prvni kapitola této disertafEni prace provadi vicerozm¥rnou analyzu slabé formy efek-
tivnosti trhu pro akciové indexy Spojenych Stat:, N¥mecka a pro p¥t stat- st°edni a
vychodni Evropy v obdobi nasledujicim Sv¥tovou nang£ni krizi roku 2008. Analyzujeme
f£asovy vyvoj predikEni schopnosti a potencialni pro tability t°ech t°id popularnich
pravidel technického obchodovani aplikovanych na ceny trhovych index:, uva®ujic
t°i r-zné frekvence vzorkovani cen: denni, hodinovou a 15 minutovou. K analyze
peistupujeme testovanim skute£né mimo°adné vykonnosti technickych pravidel pou®itim
Whitovy Reality Check procedury a vyhodnocenim jednoduché investiEni strategie
zalo®ené na ex-post nejvykonn¥j2im obchodovacim pravidle. Zji#’'ujeme, °e zatim co
rozvinuté akciové trhy Spojenych Stat- a N¥mecka vykazuji vysledky siln¥ konzistentni s
trhovou efektivnosti na v2ech vzorkovacich frekvencich, p°itomnost predikEni schopnosti
technické analyzy (konzistentni s konceptem adaptivni efektivnosti uvedené v Lo (2005))
je pozorovana pro akciove trhy Rakouska, feské Republiky, Mararska, Polska a Slovinska
na dvou vnitrodennich frekvencich. Vysledky jsou av2ak zpochybn¥ny v p°ipad¥
zohledn¥ni mao°nych transak£nich naklad-. Na2e porovnani rozvinutych a rozvijejicich
se akciovych trh- p°ind2i nové vysledky ohledn¥ rozsahu tr°ni efektivnosti, obzvlaZ” pro
vnitrodenni data a pro staty, které absolvovali transformaci na tr°ni ekonomiku pouze
relativn¥ nedavno.

Ve druhé kapitole pou®ivame data na Urovni jednotlivych obchod: k popisu dynamiky
toxicity objednévkového toku v treni mikrostruktu°e ropnych WTI futures kontrakt- v
okoli pravidelnych tydennich oznadmeni arovni americkych ropnych zasob v pr-b¥hu 2017
- 2019. Toxicitu objednavkového toku odhadujeme pomoci VPIN pravd¥podobnostni
metriky vytvo°ené v Easley, de Prado a O'Hara (2012) a zkoumame oznameni dvou
rozliEnych agentur. Zjiz’ujeme, °e tato pravd¥podobnostni metrika nar-sta v pr-m¥ru
0 20% okam°Cit¥ (°adov¥ v rozmezi sekund) po publikaci dat a velikost této zm¥ny je
pozitivn¥ asociovana s mirou p°ekvapeni daného ozndmeni. Pro oznameni publikované
americkym ministerstvem energetiky navic pozorujeme o 20% ni®i pr-m¥rné hodnoty
denniho VPIN pro lu b¥hem 30 minutového okna vedouciho k £asu oznameni, v porovnani
se stejnou £4sti dne ve dnech bez oznameni.

Ve t°eti kapitole zkoumame dynamiku p°elévani tr°niho rizika v ramci skupiny £ty°
nejlikvidn¥j2ich evropskych futures kontrakt- na statni dluhopisy (Francie, N¥mecko,
Italie a 'pan¥lsko) v obdobi 2016 - 2020, aplikujic rAamec metriky propojenosti uveden
v Diebold a Yilmaz (2014). Zji¥ujeme, ° celkova Urove- propojenosti systému,
m¥°ena metrikou Total Spillover Index, se pohybuje v rozmezi 30 a° 72 procent,
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p°edstavujic st°edn¥ propojen systém v kontextu porovnatelnych studii. Propojenost
vykazuje tendenci prudkych nar-st- v obdobi po geopolitickych a makroekonomickych
ot°esech, které jsou v na?i studii zastoupeny italskou politickou krizi v roku 2018 a
vypuknutim pandemie Covidu-19 v roku 2020. Italské futures statnich dluhopis- jsou
hlavnim p-vodcem rizika ve vztahu ke zbytku systému, navzdory tomu, °e italsky
trh statnich dluhopis- reprezentuje relativn¥ maly zlomek celkového zobchodovaného
bohatstvi v ramci nami uva®ovaného systému. Zatimco role p-vodce volatility Italie je
spjata p°edevZim s jejim vnit°nim turbulentnim politickym vyvojem, N¥mecko v na2em
vzorku p°ebird vedouci roli p-vodce volatility zp-sobené vyvojem celosv¥tovym. Navic
nachazime d-kazy o vyznamné asociaci mezi mirou sm¥roveho p°elévani rizika zem¥ a
jejimi zakladnimi makroekonomickymi fundamenty, zejména zm¥nami v pom¥ru dluhu
dané zem¥ k HDP.
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Introduction

As the central theme intertwining each of its three chapters, this dissertation thesis presents
empirical investigations of various qualitative aspects of information dissemination dynamics
in nancial markets. Each of the three studies examines di erent asset classes, di erent time
horizons and frequency granularities, and di erent varieties and manifestations of information
arrival which | assume a ect the asset valuations under consideration.

The rst chapter investigates perhaps the most popular (and the most contradictory of main-
stream economic and asset pricing theory) practice of non-professional investing, the practice of
exploiting past prices to forecast future prices, also known as technical trading. Under certain
(admittedly not implausible) assumptions, the E cient Markets Hypothesis (EMH, originally
formulated by Fama (1970) ) asserts that the returns on asset prices ought to be unpredictable,
that is, it should be impossible to develop a forecasting model based on past price and vol-
ume history data (the so-called technical trading rule) that would consistently generate positive
risk-adjusted expected excess returns.

The key word in the above sentence is consistently . Indeed, because, given a particular time
series of prices, there is a virtually in nite number of possible trading rules one could devise; by
trying long enough, one is certain to nd at least one trading rule that outperforms any given
stochastic process ex-post, even if the process is merely a random sequence of numbers, and
the trading rule does not possess any true predictive power. Therefore, in order to properly
assess the validity of market e ciency, suitable statistical methods accounting for the potential
presence of data-snooping bias need to be employed.

Acknowledging these considerations, the rst chapter analyzes the performance of a set of
616 mainstream technical trading rules applied to stock market indices of the United States,
Germany, and ve Central and Eastern European countries during the years following the 2008
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Great Financial Crisis. We add a dimension to the results by considering three di erent sampling
frequencies (daily, hourly, and 15-minute), under which signals generated by the trading rules
can be acted upon. We use the White Reality Check procedure, and an out-of-sample investment
performance evaluation of in-sample best-performing trading rules to control for the possibility
of data-snooping bias.

We nd that, while the developed stock markets of the United States and Germany exhibit
results strongly consistent with market e ciency at all three sampling frequencies, some evi-
dence of the predictable power of technical analysis is present for the stock markets of Austria,
the Czech Republic, Hungary, Poland, and Slovenia at the two intraday sampling frequencies.
Although the results are challenged when transaction costs are taken into account, certain qual-
itative di erences regarding the degree of market e ciency between developed and emerging
stock markets are observed, especially for intraday data and for the countries that have rela-
tively recently transitioned into market economies.

In the second chapter, we analyze the information adaptivity of price discovery processes
from a high-frequency market microstructure perspective. Trade-level data on WTI crude oil
futures contracts are used to investigate the dynamics of order ow toxicity, one of the central
concepts of the academic literature on market microstructure. One of the distinct features of this
market is the presence of regular weekly macroeconomic data announcements with signi cant
impacts on prices: the publications of the changes in the levels of US crude oil inventories.
We consider two di erent reports: the Weekly Statistical Bulletin by the American Petroleum
Institute (API) and the Weekly Petroleum Status Report by the Energy Information Association
of the US Department of Energy (DOE).

To assess the manner in which the announced inventory information dissipates in the price
discovery process, we apply the VPIN metric by Easley, de Prado, and O'Hara (2012), a non-
parametric procedure allowing us (in combination with the extremely low granularity of our
data) to identify the changes in order ow toxicity at relatively high frequencies. The VPIN
metric quanti es the order ow toxicity by the estimated probability of informed trade arrival.

We document that the estimated probability of informed trading increases by approximately
20% on average for both types of reports under investigation. Though in both cases it occurs
virtually immediately, the most pronounced VPIN adjustment after publication of a DOE report
takes place, on average, within the rst two seconds, about three times faster than after the API
report. Additionally, we nd some evidence of a positive association between the magnitude of
the order ow toxicity change around the two types of inventory announcements and the degree
to which these announcements are surprising. Interestingly, on DOE announcement days, we
observe, on average, 20% smaller values of the daily VPIN pro le during the 30 minutes leading
up to the publication time than on non-announcement days at the same time of day. We
conjecture that this phenomenon may be associated with relatively greater activity of liquidity
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demanding traders aiming to reduce their oil price exposure due to the upcoming announcement,
as well as with relatively lower activity of informed and speculative traders, who are less willing
to engage in their usual trading activity. This observation may serve as an example of potentially
valuable microstructure-related nuances that can be uncovered by applying the VPIN metric to
electronic limit order book market data.

Finally, we consider the dynamics of information dissemination interactions within a set of
multiple assets in the third chapter of the thesis. We use the connectedness framework of Diebold
and Y Imaz (2014) to evaluate the magnitude and directions of risk contagion within the set of
the four most liquid Eurozone sovereign bond futures (pertaining to France, Germany, Italy, and
Spain) during 2016 - 2020, a period including multiple geopolitical and macroeconomic events
of substantial regional and global signi cance, including the adoption of protectionist economic
policies by the Trump administration, the Italian political crisis, and the Covid-19 pandemic
outbreak.

We nd that the Eurozone sovereign bond market, as represented by our sample, constitutes a
system entailing considerable, although not extreme (compared to other asset classes investigated
in academic literature) degree of risk contagion, ranging between 53 and 60 percent, as measured
by the overall system connectedness indicator (the so-called Total Spillover Index). When we
consider the entire sample, we observe the greatest directional contagion e ect for volatility
spillovers in the "from Italy to others" direction. We argue that the turbulent political situation
in Italy present throughout a substantial time period of the sample was associated not only
with greater volatility of Italian government bond futures, but also measurably contributed to
increased volatility of the bond markets of the remaining major Eurozone countries. We nd
this particularly interesting, as the Italian bond futures consistently generated only around 10%
of the aggregate system's traded volume.

Additionally, we observe that particular aspects of the system's connectedness exhibit sig-
ni cant time variation. The total connectedness of the system, for example, tends to increase
rapidly in a response to turbulent and unexpected macroeconomic or geopolitical shocks. Fi-
nally, though we nd that the volatility transmitting role of Italy has been mainly caused by its
internal turbulent political development, Germany is the main volatility transmitter of major
global a airs in our sample. The coronavirus outbreak market-wide volatility surge (ignited on
March 12, 2020) represents an event for which this dynamics is observed in the most pronounced
manner.






Chapter 1
Does the Pro tability of Technical Analysis

Depend on Trading Frequency? A Comparison
of Developed and Emerging Markets.

1.1 Introduction

How rapidly do stock prices change and adapt to new information? Is it possible to forecast
future price development? The phenomena of price discovery in nancial markets and its possible
predictabililty and exploitability with the aim of making economic pro ts have for long been
receiving considerable attention of both market practitioners as well as academicians.

In the academic sphere, the concept that has been strongly dominant is the E cient Markets
Hypothesis (EMH), originally postulated by Fama (1970). In order to establish the de nition of
market e ciency, the following extended formalization by Jensen (1978) is useful: "A market is
e cient with respect to information set  if it is impossible to make economic pro ts by trading
on the basis of information set ;." Therefore, the prices at time t in an e cient market fully
incorporate the content of , such that it is impossible to use the information content of ; to
obtain risk-adjusted net returns by forecasting future prices. E ectively, everything that could
be learned from ; has already been incorporated in the price at timd. Jensen's taxonomy also
uses the three basic types of market e ciency as originally proposed by Fama (1970):

" Weak form e ciency: t contains only the history of nancial market data, such as
stock prices, volume, and open interest available at time.

~ Semi-strong form e ciency: ¢ contains all publicly available information available at

time t.



" Strong form e ciency: t contains both public and private information available at
time t.

One particular implication of market e ciency is that it is impossible to develop a forecasting
model based on price and volume history (the so-calletechnical trading rule) that would gen-
erate positive risk-adjusted expected excess returns. However, the activity of developing such
models, known also as theechnical analysis has been extremely popular in the nancial sector.
For example, Cheung and Chinn (2001) document that 30% of US foreign exchange traders
may be characterized as technical traders, with the proportion exhibiting an upward trend.
Popularity of technical analysis in nancial industry may be illustrated by the large number of
textbooks (for instance, Murphy (1999), Grimes (2012) and Pring (2021)) and popular invest-
ment websites (such ashttps://www.seekingalpha.com , https://www.marketwatch.com
and https://lwww.investopedia.com ) related to technical analysis. Technical analysis is being
applied in nancial markets and it is being applied to a signi cant extent. Its relevance and ra-
tionale in the investor's portfolio selection process is therefore interesting also from the academic
perspective.

Despite the dominant position of the EMH in the economic theory during the twentieth
century, by the 1990s, its general acceptance by academic community began to diminish. Jensen
(1978) asserts that EMH is the most vigorously empirically supported hypothesis in economics.
On the other hand, Grossman and Stiglitz (1980) go even as far as to claim that the perfect
e ciency of nancial markets is an impossibility, since under the assumption of EMH, no in-
centives to gather information are present. With the onset of behavioural nance (motivated
especially by the experimentally documented irrationality of decision making by Kahneman and
Tversky (2013) and by its manifestations in nancial markets by De Bondt and Thaler (1985)),
as well as the increasing number of empirical studies yielding con icting results (see a survey
of the EMH history by Sewell (2011)), alternative hypotheses began to emerge. Campbell, Lo,
and MacKinlay (2012) introduced the concept of relative e ciency, no longer perceiving the e -
ciency of markets as an absolute characteristic. Eventually, inspired by concepts in evolutionary
biology and neuroscience, such as the natural selection, competition and mutation, Lo (2005)
proposed the Adaptive Markets Hypothesis (AMH), claiming that the degree of market e ciency
is highly context-dependent and evolving over time. According to the AMH, any examples of
irrationality, such as overcon dence or overreaction are assumed to be consistent with gradual,
iterative adaptation of market participants to the constantly changing market environment and
this process is likely to o er potentially pro table (albeit short lived) market ine ciencies.

While the pro tability of technical analysis is in direct contradiction with the EMH, it does
not necessarily violate its alternatives. Therefore, not surprisingly, another branch of academic
research that contributed to the (still ongoing) debate regarding the validity of the EMH tests
for the presence of technical trading rules (TTRs) that might contain true predictive power
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over the stock price process. After the seminal work of Brock, Lakonishok, and LeBaron (1992)
that provided strong evidence of predictable power of simple TTRs applied to the DJIA index,
the popularity of academic literature devoted to technical analysis increased rapidly. In their
excellent survey of this topic, Park and Irwin (2007) note that out of 95 studies dated after
1988 that they consider, 56 studies provide evidence against the EMH, while 20 studies nd
that technical analysis does not lead to excess returns. However, the authors note that there
is a large number of methodological issues connected with testing for the predictable power of
technical analysis and the approach in which these issues are considered is not consistent across
di erent studies.

Among such issues are the proper risk adjustment of the trading strategy returns (since a
possible higher expected return may simply be a compensation for higher risk) or accounting for
transaction costs (since even if a trading rule possesses predictive power over the price process,
in order to obtain economic pro ts, one needs to be able to trade the given asset as often as the
rule requires, while simultaneously bearing transaction costs that do not wipe out all its excess
returns).

Additionally, as in any other empirical analysis, statistical signi cance of the results needs
to be addressed properly. In order to investigate market e ciency, technical analysis studies
usually analyze large numbers of TTRs. Indeed, there is virtually an in nite number of possible
trading rules one could devise and apply to data. By trying long enough, one is certain to nd
at least one trading rule that outperforms any given stochastic procesex-post even if such
process is a purely random sequence of numbers and the trading rule does not bear any true
predictive power. When multiple models are applied to the same dataset, the possibility of the
data snooping biasin the results arises.

In this study, we contribute to the market e ciency related debate by evaluating the pre-
dictable power of 616 technical trading rules applied to seven di erent stock market indices
observed during the time period 2008 - 2015. We are mainly interested in assessing whether the
EMH or the AMH is a better descriptor of the reality. In this respect, we contribute in several
dimensions.

Fistly, we note that while the other studies focus on a wide variety of di erent markets (such
as developed and emerging stock markets, foreign exchange markets, derivatives or commodity
markets), the emerging markets of the Central and Eastern Europe (CEE) have not been ana-
lyzed su ciently. We consider ve CEE countries, namely, the stock market indices of Austria,
the Czech Republic, Hungary, Poland, and Slovenia. Moreover, the results for the CEE region
are qualitatively compared to the well-developed and highly liquid stock markets of the United
States and Germany. This sample of stock market indices represents an interesting collection of
both developed as well as emerging nancial markets that vary in terms of liquidity or market

microstructure characteristics.



Secondly, while the vast majority of studies usually focus on daily, weekly or even monthly
data, our study utilizes three di erent sampling frequencies: daily, hourly, and 15-minute. We
therefore consider also intraday sampling frequencies, a feature less often present in technical
trading studies. The main motivation is our hypothesis that even if trading rules prove to be not
useful for trading at lower frequencies (such as on a daily basis, a frequency trading at which may
be pursued by virtually any investor, regardless of their institutional background), an investor
who has the possibility of trading at higher (intraday) frequencies may still be able to uncover
short-lived market ine ciencies that can possibly be exploitable by technical analysis. Indeed,
as Marshall, Cahan, and Cahan (2008) note, surveys reveal that the weight placed on technical
analysis in trading at intraday frequencies almost doubles as opposed to longer horizons and
smaller frequencies. By studing intraday data and three di erent frequencies, we are able to
evaluate market e ciency not only across markets, but also to study its dependence on the
sampling frequency of the price process.

Thirdly, besides controlling for the presence of the data snooping bias by the means of the
White (2000) Reality Check procedure, the structure of our analysis also enables us to conduct
a simple out of sample predictability evaluation of the trading rules considered in this study.
In particular, we assess how an investor identifying theex-post best performing trading rules
on a regular basis and subsequently following them in the market (the so-called "Best-Rule"
strategy) performs as opposed to an investor that simply follows the market by passively holding
the market index. Moreover, we also provide a discussion on whether transaction costs are likely
to a ect the potential pro tability of this strategy.

Finally, because of the non-overlapping subsamples approach this study undertakes, the
development of all results across time might be observed. This feature also contributes to the
market e ciency debate, since under the EMH, technical analysis should not be pro table in
any of the subsamples, while under the AMH, market ine ciencies may arise temporarily.

Our results indicate that our sample of seven stock market indices may be objectively divided
into two groups. The rst group, consisting of the S&P 500 and the German DAX, exhibits
results that strongly support market e ciency. For the vast majority of subsamples, White's
Reality Check fails to reject the null hypothesis of no superior performance of the best rule.
Moreover, using the best performing rules in the "Best-Rule" investment strategy does not yield
excess performance signi cantly greater than zero. These results are stable over time and robust
with respect to the choice of the performance measure or the sampling frequency of the price
process.

The second group of indices, consisting of the ve CEE indices exhibits similar results only
for the daily frequency data. For the two intraday frequencies, we nd some evidence of time
varying informational e ciency of the markets with respect to our set of trading rules. More-
over, an investor following the "Best-Rule" investment strategy would be able to expect excess
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performance that is greater than zero in a statistically signi cant manner for three indices at the
hourly frequency and for all ve indices at the 15-minute frequency. This excess performance
varies from 13% p.a. for the Slovenian index and the daily frequency trading to as much as
73.2% p.a. for the Austrian index and the 15-minute frequency, thus o ering potentially very
interesting returns before transaction costs.

Overall, we argue that moving from well-developed towards emerging stock markets, as well
as moving from lower to higher intraday frequencies is associated with results that challenge the
concept of market e ciency to a greater degree. Our analysis contributes to the informational
e ciency-related debate that is of great importance, especially for the nancial markets that
may still be considered emerging.

The remainder of this paper is organized as follows. Section 1.2 provides a review of studies
that share a common ground with our study. Section 1.3 describes all the methodological aspects
we apply, while section 1.4 introduces the data in a detailed manner. Section 1.5 provides the
results, that we divide into two main parts: the White's Reality Check resuls and the "Best-Rule"
investment strategy evaluation. Section 1.6 concludes.

1.2 Literature Review

1.2.1 Overview of the Main Studies

Empirical studies devoted to technical analysis have been around for decades. Early works
include Fama and Blume (1966), Jensen and Bennington (1970) and Kaufman (2013). Under-
standably, these early studies focus mostly on developed American stock market indices sampled
at relatively low frequency (such as monthly, weekly or daily).

In their seminal study, Brock, Lakonishok, and LeBaron (1992) (BLL) analyze two of the
most common trading rules, namely, the Moving Average (MA) and the Trading Range Breakout
(TRB). Utilizing over 90 years worth of daily data on the DJIA index and 26 inividual trading
rules, the authors document strong evidence of pro tability. The authors are also the rst to
apply the model-based bootstrap methodology to assess the statistical signi cance of the resuits
and conclude that each of the 26 trading rules generate returns that outperform the market.

Another study providing evidence of the TTR pro tability is Levich and Thomas Il (1993).

1The process consists of assuming a null stochastic process for the stock price, estimating its pa-
rameters and randomly resampling the residuals with replacement. BLL use four di erent assumptions
for the null process: a random walk with drift, an AR(1), a GARCH-M and EGARCH. By performing
500 bootstrap resamplings, the authors estimate the underlying probability distribution of the trading
rules' returns under each of the null models. This procedure overcomes the usual t-tests, which assume
independent and indentically distributed data, an assumption that is usually violated for asset returns.
However, inconsistent results may be obtained by misspecifying the null models, as noted by Maddala
and Li (1996).



Focusing on the FX market and analyzing 15 years worth of FX-futures data, the authors report
a large number (60 %) of statistically signi cant pro table TTRs. These results are robust with
respect to 5-year subperiods, even though a moderate decline in pro tability is reported for the
last subperiod.

The BLL study is one of the most important in the area of technical analysis. Because of
their signi cant results, the intensity of the subsequent research increased rapidly. Bessembinder
and Chan (1998) applied the BLL set of trading rules to the DJIA index adjusted for dividends
and conclude that after transaction costs, the BLL rules do not lead to pro table strategies.

Sullivan, Timmermann, and White (1999) (STW) are the rst to apply the White (2000)
Reality Check procedure designed to test for the presence of data snooping. The authors develop
a "universe of trading rules", containing over 7000 individual TTRs and acknowledge that under
such setting, the dangers of data snooping are strongly present. The Reality Check tests the
null hypothesis that the best performing trading rule does not bear predictive power over the
market. Applying the procedure to the DJIA index over 1987 - 1996, as well as to the S&P
500 index futures over 1984 to 1996, the authors report that while the trading rules were indeed
pro table in the original BLL dataset (also after the data-snooping is controlled for), these
properties diminished in the additional 10 years of data (i.e., out of sample of the BLL study).
The Reality Check procedure has gained major attention (not only) in the subsequent technical
analysis related studies.

Other studies focus on more complex technical trading algorithms. Gencay (1999) applies
the nearest-neighbor and the feed-forward neural network algorithms to ve currency pairs and
nds that these algorithms are capable of signi cantly outperforming the market benchmark.
Neely and Weller (2003) use genetic programming to nd pro table trading rules at intraday
foreign exchange market data and conclude that the optimal trading rules do not outperform
the market. Recently, Gradojevic and Gencgay (2013) analyze the performance of fuzzy-logic
algorithms and nd that these algorithms outperform standard moving average rules for the
Euro - US Dollar currency pair, especially during periods of higher volatility.

Bajgrowicz and Scaillet (2012) continue with the analysis of the daily DJIA index data
and the universe of trading rules developed by Sullivan, Timmermann, and White (1999). The
authors focus on mathematically rigorous approach towards the issues of risk-adjustment, data-
snooping as well as transaction costs. The pro tability of TTRs is seriously questioned, especially
during the last two decades.

Since its inception by Lo (2005), numerous studies speci cally analyzed the extent to which
empirical observations conform to the Adaptive Market Hypothesis (AMH). The literature that
provides evidence on time-varying stock market predictability is expanding (Lim and Brooks
(2011)). Neely, Weller, and Ulrich (2009) compare the ability of EMH and AMH in explaining
foreign exchange market conditions and nd evidence in favor of the AMH. Kim, Shamsuddin,
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and Lim (2011) provide another evidence in favor of the AMH. Applying the variance ratio as
well as automatic portmanteau tests to both daily and weekly DJIA data, the authors conclude
that the degree of market e ciency substantially varies over time and is governed by dynamic
market conditions. Fundamental nancial, economic and political crises signi cantly change
the e ciency of nancial markets. Zhou and Lee (2013) argue that the AMH provides suitable
framework for the explanation of the US real estate market. Urquhart and McGroarty (2014)
analyze various calendar anomalies and conclude that empirical results based on daily DJIA
data are strongly supportive of the AMH.

1.2.2 Evidence of Emerging Markets

One of the rst studies analyzing technical trading in emerging markets is Bessembinder and
Chan (1995). Considering daily data for three developed (Hong Kong, Japan and South Korea)
and three emerging (Malaysia, Taiwan and Thailand) markets, the authors observe that while
simple trading rules are not useful in the developed markets, there is evidence of their predictable
power over the three emerging markets. Lee, Pan, and Liu (2001) apply similar trading rules to
13 daily currency spot rates in Latin America and conclude that the rules are able to predict
movements especially for the currency pairs of Brazil, Mexico and Venezuela. Similar conclusion
for the Brazilian foreign exchange spot rate is also obtained by Tabak and Lima (2009). In
particular, the moving average and trading range breakout rules appear to have predictive ability
during the period 1999 - 2006. However, the authors state that transaction costs are likely to
wipe out all the potential excess returns.

Another emerging market that exhibits certain characteristics suggesting it may be ine -
cient, namely, the equity market of New Zealand, is analyzed by Marshall and Cahan (2005).
However, applying 12 popular trading rules, the authors do not nd evidence of their pro tabil-
ity. Stock markets of Brazil, China, India and Russia are studied by Chong, Cheng, and Wong
(2010). It is documented that simple technical indicators are maost pro table in the Russian
stock market, while the Brazilian stock market is found to be the most e cient in this sample.

Yu et al. (2013) focus on four developing and one developed Asian stock markets and analyze
the pro tability of the MA and TRB rules during the period 1991 - 2008. These technical
rules are documented to outperform the market for developing stock markets. Nevertheless,
by accounting for transaction costs, economic signi cance of this pro tability diminishes. The
authors highlight the need of constant veri cation of statements regarding market e ciency,
especially for emerging and growing stock markets. Among other studies that focus on emerging
equity markets and obtain some evidence of pro tability we mention the analyses of the African
markets by Ntim et al. (2011), Australian market by Park et al. (2014), the individual stocks
of the Taiwanese market by Ko et al. (2014) and the Ugandan stock market by Katusiime,
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Shamsuddin, and Agbola (2015).

Despite this relatively varied mixture of emerging stock markets and foreign exchange rates
of emerging countries, surprisingly low attention has been devoted to the technical trading
pro tability in emerging markets of the Central and Eastern Europe. Fi eld, Power, and Don-
ald Sinclair (2005) consider 11 European stock markets during the 1990s and report that while
the developed markets are informationally e cient, the emerging markets considered are ine -
cient, even after transaction costs are accounted for. Moreover, the authors nd that while the
moving average rules often do not appear to be successful, lter rules consistently outperform
the market.

In their extensive study, Marshall, Cahan, and Cahan (2010) use the MSCI data of 49
countries, including Austria, Czech Republic, Hungary and Poland to study 5806 popular TTRs.
While some qualitative di erences between emerging and developed markets are observed, the
authors note that these di erences are not particularly strong after data snooping is controlled
for, when daily data are considered. Metghalchi, Marcucci, and Chang (2012), however, report
that moving average rules manage to outperform some of the 16 European stock markets between
1990 and 2006 on a daily basis, even after the White (2000) Reality Check is applied to account
for data snooping. Finally, Heyman, Inghelbrecht, and Pauwels (2012) utilize a large daily
frequency sample of 34 stock market indices, including the Czech Republic, Hungary and Poland.
After transactions costs as well as the e ects of data snooping are controlled for, the authors
report signi cant pro table trading rules only for market indices of Botswana, Jamaica, Kenya
and Oman.

1.2.3 Evidence of Intraday Frequencies

As mentioned earlier, the majority of studies have utilized price data sampled at relatively
low frequencies. The most frequently used sampling frequency is daily, while weekly or even
monthly frequencies were not uncommon in earlier studies. The number of studies utilizing
intraday frequency data remains rather modest. As Park and Irwin (2004) note, out of 92
considered studies, only 6 make use of intraday data and all 6 of them focus on currency pairs.

For example, Osler (2000) investigates the support and resistance levels for multiple currency
pairs sampled at 1-minute frequency and reports that the speci c support and resistance levels
bear certain predictive power. Neely and Weller (2003) use genetic programming to devise
trading rules on four major currency pairs data sampled at 30-minute frequency. For all four
currencies, the authors document predictable patterns in the intraday data. This predictability is
found to be exceptionally stable, however, once transaction costs are controlled for, the presence
of excess returns for the devised trading rules disappears.

More recently, several authors have focused also on intraday frequencies in equity markets.
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Marshall, Cahan, and Cahan (2008) focus on US equity market approximated by the S&P De-
pository Receipts data at 5-minute frequency. By studying more than 7000 simple trading rules,
the authors conclude that even though a small number of rules appears to be pro table, once ac-
counting for data snooping bias, any pro tabililty diminishes. Schulmeister (2009) analyzes spot
and futures S&P 500 market and observes qualitative di erences in market e ciency between
daily and 30-minute frequency data. In particular, between 1983 and 2000, technical analysis
applied on 30-minute frequency yields on average 8.8% of gross return, while the pro tability at
daily frequency gradually disappears during the same period. Finally, Yamamoto (2012) uses
5-minute data on Japanese equity markets and concludes that technical analysis applied in such
setting is not pro table.

Recently, Frommel and Lampaert (2016) examine the pro tability of two classes of TTRs
(the Moving Average and the Relative Strength Indicator) applied on the US Dollar - Russian
Ruble currency pair sampled at 60, 30, 15 and 10 minute frequencies. The authors conclude
that despite the fact that technical analysis seems to possess greater predictive power at higher
frequencies, the pro tability of technical trading is highly questionable after accounting for
transaction costs.

To the best of our knowledge, there does not currently exist a study that would analyze
intraday frequency data of CEE equity markets.

1.3 Methodology

1.3.1 Behavioural Justi cation for Technical Analysis

Why would technical analysis work? The following de nition of technical analysis due to Pring
(2021) is illustrative in answering this question:

"The technical approach to investment is essentially a re ection of the idea that prices move
in trends that are determined by the changing attitudes of investors toward a variety of economic,
monetary, political, and psychological forces. The art of technical analysis, for it is an art, is to
identify a trend reversal at a relatively early stage and ride on that trend until the weight of the
evidence shows or proves that the trend has reversed."

Indeed, the common objective of virtually every possible TTR is to identify the direction of
trend in the future price development based on past (and current) information. If, according to
the particular TTR, the price is likely to trend upwards, or if the downward trend is likely to
be reversed in the near future, it is advantageous to be long in a security, therefore, the TTR
provides the buy signal Conversely, if downward trend is predicted, thesell signal is provided
and entering a short position is advised. Finally, if there is not enough evidence for a trend, the
neutral signal may be present. One of the main justi cations for the (hypothesized) trending
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behaviour of prices is that new information is incorporated into prices in a gradual manner, while
being exposed to various accomodative tendencies exhibited by market participants. If such
complicated price discovery arises from behavioural tendencies (such as herding, overreaction or
overcon dence, aspects of human decision making documented in great detail by behavioural
nance literature 2), exploitability of systematic patterns in such behaviour by analyzing past
data becomes possible.

The characteristics outlined above provide some justi cation for heavy employment of tech-
nical analysis in practice® Therefore, there might be a strong belief among market practitioners
that analyzing past prices is important, whether it is because it contains true economic infor-
mation or simply because they think that other investors possess these beliefs and a risk of
self-ful lling prophecies is present? Technical trading rules do not just appear out of nowhere.
Instead, they represent a long lasting manifestation of the assumptions some investors make
about the price discovery processes. If markets are informationally e cient, these assumptions
are not valid and technical analysis does not consistently yield risk-adjusted returns that out-
perform the market. It is this market-outperforming power of technical analysis that we aim to
examine in this study.

1.3.2 Performance Evaluation

Before we introduce the particular set of TTRs used in this study, we need to establish the
framework in which the performance of the TTRs will be evaluated. An approach established in
literature is to calculate certain function of the returns that the trading strategy provides and
compare the value to the returns provided by some benchmark strategy.

during which a trading rule k 2 f 1;2;:::;K g, where K = 616 is the total number of TTRs, is
applied and evaluated. As already discussed, the ultimate output of each trading rule is a trade
recommendation by signaling the desired position in an asset. A trading rul& thus provides
an investor at each time periodt with a signal St(k), where the interpretation of the signal is as
follows: 8

E 1  during time period t + 1, hold a long position

k o . "
St( )= 0  during time period t + 1, hold a neutral position

:

Hence, we assume that upon a trading signal at time, an investor follows this signal by

1 during time period t + 1, hold a short position

2Excellent surveys of behavioural nance literature are provided by Barberis and Thaler (2005) and
De Bondt et al. (2008).

3A very detailed discussion of both the theoretical and empirical justi cations for why technical
analysis might be pro table is provided by Park and Irwin (2007).

4Self-ful lling prophecy argument is also made by Froot, Scharfstein, and Stein (1992).
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executing the corresponding trade (buy/sell/do nothing) at a closing priceP; and the corre-
sponding one-period log-return emanating from this signal is based on pricés and P;.+1. Since
at the moment of generation ofSt(k), the price P; is not yet known, the signal must be based on
the information available up until (and including) time t 1. The signaIS[(k) is not a function of
P; in our study, since we wish to account for the possibility of non-synchronous trading (when
an investor is not able to execute the trade at the price based on which the trade decision is
made), that may pose a real problem especially for trading at higher frequencies.

Since market e ciency precludes the existence of trading rules that would be able to consis-
tently outperform the market, we evaluate each trading rule against the buy-and-hold benchmark
strategy consisting of entering a long position at timet = 1 and holding this position until t = T.
Since a long position is assumed to be the default benchmark position, our trading rule signals
will superimpose a position on this buy-and-hold strategy. Thus, a long position generated
by a buy signal may be interpreted as doubling the investment in an asset by borrowing the
resources needed to leverage the position, since we have a good reason to believe that the price
will go up. A neutral signal may be interpreted as simply holding an unlevered position in an
asset (equivalent to the buy-and-hold strategy) and a short position emanating from a sell signal
may be interpreted as liquidating the position in an asset and staying out of the market, since
we have a good reason to believe that the price will decline. We also assume that in order to
leverage, investor borrows the required funds at a (continuously compounded) risk-free rate of

return rt(F). This rate of return is also earned by investor while staying out of the market.

Denote the one-period timet continuously compounded rate of return of the market ast(BH ),
where:
P
rBH) = jog L (1.1)
Pt 1
The return rt(BH) is equivalent to the return of the buy-and-hold strategy, since this strategy

simply follows the market. The corresponding timet gross log return of the trading rule k at

time t is (according to our description above) given by:

8
32 () s,
k
r = §r§BH) st =0 (1.2)
F k
: rt( ) St( )1: 1

The corresponding net return of the trading rule k in excess of the benchmark buy-and-hold

5This interpretation is also used, for example, in Sullivan, Timmermann, and White (1999) or in
Bajgrowicz and Scalillet (2012).
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strategy is then given by:

k k BH
r(E)ECESS;t =0 = o st =0 (1.3)

SO =

8
3 P s

simply the particular trading rule's expected net return (again, in excess of the buy-and-hold
sretea) (k) h (k) ! h (k)i h (BH )i
fm = E Texcessy = E Nt E r (1.4)

Note that this test statistic is constructed in such a way that under market e ciency, each trading
rule should not consistently outperform the buy-and-hold strategy, that is, it should hold that

f,f,lk) 0. The natural estimator of this measure, based on the actual observed sequence of

signalsf S g, and returns fr®* gl ;frFgl, is:

X
=7 cess: ws)
Alternatively, another performance measure that we report in this study is based on the
Sharpe Ratio (excess return per unit of risk). Both the benchmark buy-and-hold strategy (rep-
resented by the series of returnst(BH )) as well as the strategy followed by trading rulek (rep-
resented by the series of returnsrtm) may be characterized by the mean return generated by
such strategy divided by the standard deviation of these returns. This calculation yields a risk-
adjusted performance measure for both strategies, known as the Sharpe Ratio. This measure
controls for the possibility that greater expected return is just a compensation for the greater
risk of a TTR.® We follow standard practice in the literature and calculate the returns in ex-
cess of the risk-free rate and obtain the Sharpe Ratios of the trading rul& as well as of the

buy-and-hold strategy as follows:

hk Fi
Ert() rt()

(]

SRK = =
2 I 2
E rt(k) rt(':) E rt(k) rt(F)

h i (1.6)
BH) E rt(BH) rt(F)
SR =

(€]

BH F) 2 N en o 2
Ert()rt() Ert()rt()

6As noted by Park et al. (2014).
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These Sharpe Ratios are naturally estimated by:

iProw @
k T t=1 Tt t
SR = k F)
)y
1.7
1P e (.7)
SR(BH) T t=1 It t
r_t(BH) rt(F) !
here
W ¥ 0 1
ﬁ 1 Nd 1 X
t=1 j=1

is the standard deviation estimate of the summand in the numerator, which in our case is a time
series of strategy returns in excess of the risk-free rate.

Under market e ciency, the risk-adjusted performance of the buy-and-hold strategy should
not be smaller than that of any trading rule based strategy. The second performance measure
may thus be de ned as the di erence of the corresponding two Sharpe Ratios. Denoting this
measure ad ék,-\? = SRK&  sSR(BH) 'jts estimator is given by:

(BH)

k
9= s SR (1.9)

We again note that under market e ciency, the following should be satis ed: fékR) 0.

1.3.3 A Note on Our Universe of Trading Rules

There are hundreds of studies employing various classes of TTRs and there are even more TTRs
available from a wider set of sources (such as technical analysis related textbooks) to choose
from. Indeed, there is basically an in nite amount of possible rules one could devise and apply
to data. In this study, however, we do not follow such aproach. Instead, we focus on a set of
relatively simple, well-established and widely studied TTRs described below.

The three classes of trading rules (Moving Average, Trading Range Breakout, Filter) belong
to the most widely known and studied in both the academia as well as the commercial investment
sector. From the perspective of our research, Table 1.1 provides a representativeverview of
studies devoted to the analysis of technical trading together with the particular classes of trading
rules employed.

It needs to be emphasized that the objective of this study is not to arti cially create and
discover a new, original technical trading rule that would potentially be successful in terms of

"To the best of our knowledge and ability to provide a representative selection of studies both in
terms of long-run impact and recency.
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Table 1.1: Overview of the literature on pro tability of simple technical trading rules.

A checkmark represents the particular TTR being employed in the particular study. Trading
rules legend: MA - Moving Average, TRB - Trading Range Breakout, BB - Bollinger bands, F
- Filter.

Study MA TRB F BB Other
Brock, Lakonishok, and LeBaron (1992) X X

Levich and Thomas Ill (1993) X X

Hudson, Dempsey, and Keasey (1996) X X

Sullivan, Timmermann, and White (1999) X X X X
Leung and Chong (2003) X
Marshall, Cahan, and Cahan (2008) X
Lento, Gradojevic, and Wright (2007) X
Neely, Weller, and Ulrich (2009) X X X

Bajgrowicz and Scalillet (2012) X X X X
Yu et al. (2013) X X

Park et al. (2014) X X X X
Katusiime, Shamsuddin, and Agbola (2015) X X X

Frommel and Lampaert (2016) X X

outperforming the market by possessing a predictable power over the price process. Instead, in
order to compare the resilience of multiple stock markets, sampled at several frequencies and
analyzed over multiple time periods, we require a set of rules that are reasonably simple and
widely applied. The presented evidence highlights the fact that the three classes of trading rules
analyzed in this study do conform to such criteria.

1.3.4 Technical Trading Rules

We now introduce the three classes of TTRs (Variable Moving Average, Trading Range Breakourt,
and Filter) that we employ in this study. We note again that the ultimate goal of all TTRs is

to uncover changes in trend of the underlying price discovery process. The following paragraphs
describe the way in which this goal is achieved in each class separately.

1. Variable Moving Average (VMA): The trend is modelled by comparing two moving
averages of past prices, one based on a longer period of time (long moving average, based
on the lastN| 2 N price observations) and the other one on a shorter period of time (short
moving average, based on the lasNs < N | price observations). If the former is smaller
than the latter, the more recent prices are on average greater than the older prices, which
suggests that an upward trend has commenced and one should enter a long position. The
logic for downward trend is analogical. We also consider a sensitivity paramete8 > 0,
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which states the minimum possible percentage by which the two moving averages must
di er in order for the signals to be triggered. This band of inactivity allows for a certain
tolerance level in the di erence of the two moving averages, as no signal is generated unless
this di erence is signi cant enough so as to exceed the band and correspondingly, a
neutral position is maintained. To summarize, the VMA rule generates a buy (sell) signal

if the short moving average rises above (falls below) the long moving average by more
than B 100%

Each of our VMA rules may be uniguely de ned by the three parameters described above.
The class of VMA trading rules is therefore parametrized as:

VMA(Ns;N;B):

. Trading Range Breakout (TRB): This rule is based on identi cation of the so-called
trading range, composed of the upper and the lower bounds. We compute these bounds as
the maximum and minimum of the past N 2 N price observations. While moving within
the trading range, no information about the change in trend is triggered. As soon as the
price increases above (declines below) the upper (lower) bound, possibly also adjusted
by the band of inactivity B > 0, an upward (downward) trend is considered to have
commenced and the buy (sell) signal is triggered. The position is maintained until the
opposite trend is identi ed. The two levels that compose the trading range are also called
the Resistance and the Support, respectively. Therefore, this class of TTRs is also widely

known as the Support-Resistance class.

Uniquely de ned by the two parameters described above, we denote the class of TRB rules
as
TRB(N;B):

. Filter (F): This class of trading rules focuses on the magnitude of price changes. In
particular, the two percentage Iters are used to determine the values of price changes
that are considered to be signi cant in terms of triggering a signal for opening and closing
a position. These changes are always evaluated with respect to a reference price. If the
price rises above (falls below) the reference price by more than the value of the opening
Iter ( x > 0), a long (short) position is entered and the reference price is de ned as the
most recent maximum (minimum) price. If the price then falls below (rises above) this
reference price by more than the value of the closing lIter ¥), a position is closed and a
neutral position is taken and the new reference price is de ned as the price prevailing at
the time of entering this neutral position. The Filter rule is similar to the previous rules

in the sense that it aims to uncover the underlying bullish and bearish trends in the price
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process and trade on this information accordingly, entering a long position in an upward
trend and a short position in a downward trend, while ignoring small price uctuations by
using appropriate values of the two Iters. If these values successfully correspond to the
timing of the market bullish/bearish behaviour, a pro table strategy is obtained. From
the behavioural perspective, the two lters may be used to emulate the tolerance levels of
market participants in the process of forming their expectations about the nature of the
market movement in the future.

Uniquely de ned by the two parameters described above, we denote the class of Filter
rules as

F(x;y):

The particular values of the parameters used, as well as the exact algorithmic prescriptions
of each class of TTRs are provided in Appendix 1.A. Overall, we employ 296 VMA rules, 176
TRB rules and 144 F rules. Therefore, the total number of individual TTRs that the "universe
of trading rules” considered in our study contains is 616.

For an illustration, we demonstrate the underlying mechanics for each class of TTRs on
Figure 1.1. We have simulated a Geometric Brownian Motion (GBM) path with trend 0 and
volatility 0.01 consisting of 500 observations and applied three particular (randomly chosen out
of our universe) TTRs: V MA(5; 30;0:005), TRB (40;0:01) and F (0:03;0:02). The long, short
and neutral positions generated by these rules are represented with the blue, red and white
background, respectively.

Additionally, we repeat the entire procedure for 1000 random trajectories of GBM. The
histograms of the two performance measures, namely, the excess mean returns and excess Sharpe
Ratios for the F (0:03;0:02) rule are displayed on Figure 1.2. The thick red lines correspond to
the particular GBM path displayed on Figure 1.1.

We may observe that the distributions are centered around (or mildly below) zero, suggest-
ing that on average, the three TTRs are not informative about the changes in trend. This is
not surprising, since the simulated prices are martingales. However, for our particular realiza-
tion on Figure 1.1, the Filter rule yields purely by chance considerably positive values of both
performance measures. It is these random artifacts that the data-snooping tests are meant to
uncover.

1.3.5 Testing for Data-Snooping

If the two performance measures described above (the mean return and the Sharpe Ratio)
have positive values, we have an indication that the trading rulek outperforms the benchmark
buy-and-hold strategy either from the mean return or from the risk-adjusted Sharpe Ratio
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Figure 1.1: The four gures display the simulated stock price of length 500 (upper left gure)
and the functionality of the three class of TTRs: Variable Moving Average (upper right gure),
Trading Range Breakout (lower left gure) and Filter (lower right gure). White, blue and red
background represent trading rule signals at any point in time: neutral, buy and sell, respectively.

perspective (or both). However, an evaluation of the statistical signi cance of such result is
important. If one tries su cient number of di erent trading rules, some of them will indeed
appear as outperforming, even though such result would simply be a statistical artifact, while
the trading rule would not be bearing any true predictive power over the benchmark strategy.

The dangers of data-snooping (as such phenomenon of using the same dataset in the process
of model selection multiple times is named) have been acknowledged in the literature. Brock,
Lakonishok, and LeBaron (1992) evaluate the obtained results by tting several null models
to the returns data and performing a bootstrap resampling of the residuals. However, as they
acknowledge, they are not able "to compute a comprehensive test across all rules. Such a test
would have to take into account the dependencies between results for di erent rules." (Brock,
Lakonishok, and LeBaron (1992), p. 1743). Nevertheless, in each study that estimates the
performance of multitude of trading rules, such test is of extreme importance.

The most widely used procedure designed to adress the issue of data-snooping is the White
(2000) Reality Check bootstrap-based test and is applied for the rst time by Sullivan, Timmer-
mann, and White (1999) and later by numerous researchers, for example, Marshall, Cahan, and
Cahan (2008), Bajgrowicz and Scaillet (2012) and Park et al. (2014). It tests the null hypothesis
that the best performing trading rule (out of a pre-de ned set, or "universe", of trading rules) is
no better than a given benchmark model. As Sullivan, Timmermann, and White (1999) state,
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Figure 1.2: Histograms of mean excess returns and Sharpe Ratios for 1000 random stock price
trajectories of length 500 for theF (0:03; 0:02) trading rule. The vertical red lines represent the
values observed for the particular trajectory displayed on Figure 1.1.

"the idea is to evaluate the distribution of a suitable performance measure giving consideration
to the full set of models that led to the best-performing trading rule.” (Sullivan, Timmermann,
and White (1999), p. 1650).

Considering the mean return performance measuré,f,lk) de ned above, the null hypothesis
of White Reality Check test may be formulated as follows:

: (k)
Ho: k=T;§;);(K fu 0 (2.10)
If we reject the null hypothesis, we will possess an evidence that the best trading rule in our
universe of trading rules (containingK rules) indeed outperforms the benchmark strategy (from

a mean return perspective) in a statistically signi cant manner.

The test statistic is equal to:

_ P —ak)
V= max f Tfywg (1.11)

.....

White (2000) shows that the probability distribution of this test statistic under the null hy-
pothesis may be approximated by performing the stationary bootstrap algorithm, originally
introduced by Politis and Romano (1994). The main idea of this algorithm is to re-sample
blocks of original time series of returns of varying length. The exact algorithm is described in
Appendix 1.A. For each bootstrap simulation b, the corresponding test statistic is calculated as
follows:

p_
Vo = max f T f\&(;)b Pl g p=1:::00B (1.12)

.....

k) . . . ,
wheref\fw)b is the mean return performance measure estimate corresponding to theth trading
rule applied to the b-th bootstrapped time series of returns. Repeating the stationary bootstrap
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is then calculated as: Pg
b1 | (M > V),
B 1

wherel () is the indicator function, equal to 1 if the condition in the parentheses is true and zero

p-value = (1.13)

otherwise. This procedure allows us to statistically evaluate whether the best performing rule
in our universe of trading rules (containing 616 individual rules) possesses predictive power over
the benchmark buy-and-hold strategy. Under market e ciency, such predictive power should
not be present and the null hypothesis should not be rejected.

The above procedure used estimates of the mean return performance measdf%?. Alter-
natively, and analogically, we also consider the Sharpe Ratio performance measu‘?ékg{.

Despite the wide usage of White's Reality Check procedure in the literature, we note that
the method possesses several drawbacks that might to a certain extent a ect our results. First,
by construction, the Reality Check only tests whether the single best performing trading rule
beats the benchmark strategy after accounting for data-snooping. Therefore, if there are other
well performing rules in our universe, these are not considered in the procedure. Moreover, as
argued by Hansen (2005), the Reality Check may perform poorly in the cases where the universe
of trading rules contains many rules that perform poorly and some that perform welf In this
case, the con guration of the test is "the least favorable to the alternative hypothesis" (Park
et al. (2014)). These facts need to be acknowledged, since we cannot rule out the possibility of

such composition of trading rules prevailing also in our universe.

1.4 Data

Potential pro tability of technical analysis is investigated for nancial markets of the following
seven countries: Austria (ATX), the Czech Republic (PX50), Germany (DAX), Hungary (BUX),
Poland (WIG), Slovenia (SBITOP), and the United States (SPX).° The original data is sampled

at the 5-minute frequency, sourced from Bloomberg and covers periods January 2008 - July 2013
for the ATX, SBITOP, and SPX and January 2008 - December 2015 for the BUX, DAX, PX,
and WIG indices.

We use the original 5-minute frequency data to create the three frequencies used in our study:
15-minute, hourly, and daily. We thus obtain 21 time series of closing prices. Additionally, since
we wish to observe the time development of the results, we divide each time series into non-
overlapping subsamples. This division is carried out for each frequency separately as follows:

8Hansen (2005) also proposes an alternative data snooping bias test modi cation, known as the Supe-
rior Predictive Ability test. In this study, we apply the original White's Reality Check. As documented
in, for example, Park et al. (2014), the two procedures do not report dramatically di erent results.
Similarly, an alternative data snooping testing procedure is proposed by Hsu, Hsu, and Kuan (2010).
9Each country's nancial market is proxied by the corresponding stock market index, the abbreviation
of which is stated in parentheses.
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1. Daily: for the daily data, we set the length of one subsample to be equivalent t&2
weeks (approximately one year) worth of data. Consequently, one subsample of daily
data consists of approximately 250 observations.

2. Hourly: for the hourly data, one subsample is equivalent tal2 weeks (approximately
one quarter-year) worth of data. This yields approximately 420 hourly observations per
subsample.

3. 15-minute: for the data sampled at 15-minute frequency, one subsample is equivalent b
weeks (approximately one month) worth of data, yielding approximately 5600bservations
per subsample.

We choose di erent subsample sizes for di erent frequencies for several reasons: for each
subsample, it is desirable to have at least 100 (ideally more) closing price observations to see
how the technical trading rules perform. Moreover, we wish to avoid comparing the results of
subsamples that have dramatically di erent sample sizes - therefore, our division into subsamples
yields sample sizes that are not orders of magnitude di erent from each other. Figure 1.3 provides
a graphical illustration of the subsamples creation process described in this section. The rst
price of each subsample is the rst price at which we assume an investment position may be
taken - if a trading rule requires the knowledge of a certain number of previous prices (as, for
example, the variable moving average rule always does), these prices are not included in the
subsample, but we naturally use them for calculation of trading signals as necessary.

Figure 1.3: Scheme of creating subsamples. Each vertical line represents a division into
subsamples. One subsample is equivalent to approximately 1 year for the daily data (top panel),
1 quarter for the hourly data (middle panel) and 1 month for the 15-minute data (bottom panel).

Figure 1.4 displays the price development of the stock market indices used in this study,
while Table 1.2 displays the summary statistics of the corresponding daily log-returns. We
observe that even though all regions share a strong downward trend during 2008, corresponding
to the global nancial crisis, there are considerable dierences in the post-crisis period price
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development. While the S&P 500 as well as the German DAX rebounded fairly quickly, the
central European indices exhibit range-like movement, while the Slovenian SBITOP continued
the slight downward drift. The Slovenian index also exhibits considerably smaller volatility than
all the other indices. The normality of daily log-returns of all indices is rejected by the Jarque-
Bera test. The log-returns across all indices and subsamples exhibit excess kurtosis and are not
symetrically distributed, as con rmed by the skewness statistic, which suggests, with only a few
exceptions, negatively skewed log-return distributions.

In our calculations, we also use the data on the risk-free rates. For that purpose, we use the
short term interest rate data available at the OECD website?

We use the data corresponding to the currencies of the countries that are represented by the
stock market indices. The data is provided at the monthly frequency. We convert the annualized
simple interest rate vaIuesREF) to the corresponding one-period logarithmic interest ratert(H

using the formula:

r) = —Iog(ll;l RO, (1.14)
where M = 252 for the daily frequency calculations,M = 252 8 for the hourly frequency
calculations andM =252 8 4 for the 15-minute frequency calculations.

We also provide additional information (as of June, 2017) about the ve Central and Eastern

European indices:

" ATX (Austria): ISIN: AT0000999982. The index represents the 20 largest blue chip
companies traded on Wiener Borse. The index is followed by the corresponding Exchange
Traded Fund (ETF) iShares ATX UCITS (ISIN: DEOOOAOD8Q23) that is traded at Vienna
and Frankfurt exchanges. The largest constituent of the index is Erste Bank with 19.55%
weight. Index futures and options are traded at the Frankfurt Exchange (Eurex).

" BUX (Hungary): ISIN: XC0009655090. The index representing the 25 largest blue chip
Hungarian companies traded on Budapest Stock Exchange (BSE). The largest constituent
is OTP Bank (33.03%). It is a tradeable index, its derivative contracts are frequently
traded at BSE.

" PX (Czech Republic): ISIN: XC0009698371. Opened on April 5, 1994, based on the
largest companies traded on Prague Stock Exchange. The largest constituent is Erste
Group Bank (21.67%). The index has its own corresponding ETF (managed by Horizon,
ISIN: BE6224091866), though, to the best of our knowledge, this ETF is a passively
managed fund.

Onhttps://data.oecd.org/interest/short-term-interest-rates.htm
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" SBITOP (Slovenia): ISIN: SI0026109882. Launched on March 31, 2006, the index con-
sists of 11 largest traded companies on Ljubljana Stock Exchange. The largest constituent
is KRKA (30%). The index is designed as a tradeable index and is available to nancial
institutions as an underlying in derivatives products. To the best of our e ort, we have

not found an ETF that would directly follow this index.

" WIG (Poland):  ISIN: PL9999999987. Also denoted as WIG20, the Polish index was in-
troduced on April 16, 1991. The largest constituent is PKN Orlen (9.99%). Index futures
(since 1998) and options (since 2003) are traded on Warsaw Stock Exchange. The corre-
sponding index ETF is traded as well as the LYXOR WIG20 ETF (ISIN: LU0459113907).

We note that Vienna Stock Exchange also acts as exclusive sales agent for the indices of
Prague and Ljubljana Stock Exchange. Moreover, trading at stock exchanges in Vienna (since
1999), Prague (since November 2012), Budapest (since December 2013) and Ljubljana (since
December 2010) is organized via the Xetra electronic trading system.

Figure 1.4: Daily normalized closing prices of the stock market indices considered in this
study. Each original time series is normalized by dividing each element by the rst available
corresponding closing price (as of January 2, 2008).
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Table 1.2: Summary statistics of daily log-returns.

The table contains several summary statistics of the stock market closing prices used in this
study for seven di erent market indices. We report summary statistics of the daily log-returns
for the entire available sample as well as for three subsample period€(1) denotes the rst-
order autocorrelation coe cient. JB denotes the p-value of the Jarque-Bera normality test.

ATX BUX DAX PX SBITOP SPX WIG
Region Austria Hungary Germany Czechia Slovenia USA Poland
Start 2008/01/02 2008/01/02 2008/01/02 2008/01/02 2008/01/03 2008/01/02 2008/01/02
End 2013/07/19 2015/12/04 2015/12/04 2015/12/04 2013/07/05 2013/07/19 2015/12/04
# daily 1378 1980 2016 1990 1374 1396 1986
# hourly 12393 17073 18126 16426 6510 11139 17108
# 15-min 49572 68292 72504 65704 26040 44556 68432
Daily log-returns summary statistics:
Entire sample

Mean -0.0005 0.0000 0.0001 -0.0003 -0.0010 0.0001 -0.0003
Stdev 0.0199 0.0173 0.0154 0.0160 0.0135 0.0163 0.0154
Skewness| -0.1040 -0.0467 0.0735 -0.5162 -0.3954 -0.2767 -0.2984
Kurtosis 6.5934 10.1825 8.4119 17.8375 9.4200 10.8346 6.7564
Q) 0.0796 0.0524 0.0086 0.0594 0.1302 -0.1279 0.0443
JB 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Jan 1, 2008 - Dec 31, 2009
Mean -0.0012 -0.0004 -0.0007 -0.0010 -0.0019 -0.0005 -0.0007
Stdev 0.0262 0.0255 0.0214 0.0255 0.0177 0.0222 0.0230
Skewness| -0.0477 -0.0550 0.3334 -0.3741 -0.2820 -0.1033 -0.1249
Kurtosis 5.0093 6.8756 7.2979 10.3163 7.4945 7.1016 4.0982
Q1) 0.0618 0.1038 -0.0389 0.0812 0.1896 -0.1335 0.0568
JB 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Jan 1, 2010 - Dec 31, 2011
Mean -0.0006 -0.0004 0.0000 -0.0005 -0.0010 0.0002 -0.0003
Stdev 0.0169 0.0172 0.0150 0.0138 0.0092 0.0141 0.0142
Skewness| -0.0237 0.1527 -0.1826 -0.3157 -0.5359 -0.4792 -0.4749
Kurtosis 5.5146 7.1066 5.1916 6.3805 7.8877 9.8116 6.1868
Q(1) 0.1150 -0.0328 0.1081 0.0492 0.0258 -0.1437 0.0222
JB 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Jan 1, 2012 - End of sample
Mean 0.0004 0.0003 0.0006 0.0001 0.0001 0.0007 -0.0002
Stdev 0.0130 0.0113 0.0117 0.0095 0.0117 0.0078 0.0104
Skewness| -0.1148 -0.0381 -0.2026 -0.1757 -0.1740 -0.1873 -0.4473
Kurtosis 3.9376 4.8798 4.2841 4.5660 4.3071 4.0028 5.4965
Q(1) 0.0762 0.0237 -0.0068 -0.0137 0.0223 -0.0181 0.0335
JB 0.0006 0.0000 0.0000 0.0000 0.0000 0.0001 0.0000
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1.5 Results

1.5.1 Performance and the Reality Check Evaluation

We apply the 616 technical trading rules contained in our universe to each of the seven stock
market indices: Austrian (ATX), Hungarian (BUX), German (DAX), Czech (PX), Slovenian
(SBITOP), American (SPX) and Polish (WIG). For each index, we consider three dierent
frequencies of closing prices, approximating the trading strategies of three di erent types of
investors, based on whether they evaluate (and potentially change) their positions on a daily,
hourly, or 15-minute basis. For each index and each frequency, we apply the TTRs to every
subsample created as described earlier.

For each index, for each frequency, for each subsample, and for each trading rule, we eval-
uate the performance of the trading rule using the two measures introduced earlier: the mean
return and the Sharpe Ratio. Both measures are evaluated against the benchmark buy-and-hold
strategy, consisting of entering a long position in the index at the beginning of a subsample and
holding that position until the end of the subsample. If one of these two measures is greater for
a particular trading rule than it is for the benchmark strategy, we have an indication that this
trading rule outperforms the market.

We also take into account the possibility of data-snooping bias and carry out White's Re-
ality Check procedure to evaluate the statistical signi cance of our results. For each index, for
each frequency, and for each subsample, White's Reality Check is performed by testing the null
hypothesis that the best performing trading rule in our universe is not better than the bench-
mark. We perform this Reality Check twice: both for the mean return and for the Sharpe Ratio
entering as the performance measure used to calculate the test statistics.

Benchmark S&P 500 Index

Because of the large quantitative nature of our study, we report the results in graphical form.
Figure 1.5 shows the results for one stock market index and the rst performance measure: the
S&P 500 and the mean return performance measure. The S&P 500 is the most widely studied
and developed stock market of the United States, and thus serves as our benchmark index. We
describe how these graphical results are meant to be read in the following paragraphs.

There are 6 plots displayed in Figure 1.5. The rst plot shows the performance of each of the
616 TTRs applied to the closing prices sampled at daily frequency. The horizontal axis represents
the beginning of each subsample, while the vertical axis represents the terminal value obtained
by investing $1 in the beginning of the subsample period and following the corresponding trading
strategy. For each subsample period (the beginning of which is labeled on the x-axis), we have
617 dierent values of these terminal wealths - one for each of the 616 TTRs and one for the
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benchmark buy-and-hold strategy (shown as the thicker black line).

Figure 1.5: Technical Trading Rules evaluation results summary for the S&P 500 index (SPX)
and the mean return performance measure.

The TTRs are represented in three di erent colors, based on the particular class of trading
rules (dark blue for the Variable Moving Average, green for the Trading Range Breakout, and
orange for the Filter rule). This terminal wealth evaluation is equivalent to the mean return
performance measure (there is one-to-one mapping between the terminal value of $1 invested
and the mean return).

The right-hand side plots in Figure 1.5 display the p-values of White's Reality Check proce-
dure applied to each subsample at di erent frequencies. The dashed line represents the 5 percent
level of signi cance. Any p-value below this level corresponds to a subsample during which the
best performing TTR contained statistically signi cant (at the 5 percent level) predictive power
over the price process.

The two plots in the rst row show the results for daily frequency data. The plots in the
second and the third rows follow the same logic, but display the results for hourly and 15-minute
frequency data, respectively:!

1\Wwe remind the reader that each daily frequency subsample contains 52 weeks (1 year) of data, while
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The results for the S&P 500 index are largely unsurprising. For both daily and hourly
frequencies, the vast majority of TTRs underperformed the benchmark buy-and-hold strategy.
Despite the index exhibiting pronounced trends during our sample (corresponding to the post-
2008 bearish market, followed by gradual post-2009 recovery), few trading rules managed to
outperform the benchmark strategy for each subsample period. Moreover, the daily and hourly
White's Reality Check test p-values are all well above the 0.05 level for all subsamples.

The results are qualitatively only slightly di erent for the 15-minute frequency data. Here,
in several subsamples, a large fraction of the TTRs that were outperforming the index appear.
Moreover, the White's Reality Check p-values are smaller in general, though still mostly far
from the critical 5-percent level.

Overall, the United States stock market, as proxied by the S&P 500 index, exhibits results
that are consistent with the EMH, since we fail to reject the null hypothesis of no excess per-
formance of technical analysis in any case. Though some of our TTRs manage to outperform
the market, we conjecture that such observations are due to chance, and no TTR bears true
predictive power over the price process. We therefore turn now to the European stock market
indices.

We note that the mean return and the Sharpe Ratio results are qualitatively very similar, not
only for the US index, but for all markets and frequencies considered in this study. Therefore,
for the sake of brevity, we report the rest of the results only for the mean return performance
measure. The risk-adjusted Sharpe Ratio results are reported in Appendix 1.A for all indices.

European Indices

Overall, the results for the European stock indices are not exceptionally distant from those of
our benchmark S&P 500 index, especially regarding the daily and hourly frequency data. It is
possible, however, to observe certain systematic di erences between the American and German
indices and the remaining ve European indices. These di erences especially manifest in the
data sampled at the 15-minute frequency.

Considering the indices individually, we observe that the ATX index (Figure 1.6) was fre-
guently beaten by the VMA trading rules (blue lines), while the TRB and F rules performed
comparably to the buy-and-hold strategy. However, in all of the daily and hourly subsamples,
we fail to reject the hypothesis that the performance of the best trading rule is not due to the
data-snooping phenomenon, although in the rst daily subsample and two of the hourly subsam-
ples, the p-values are very close to the critical level. Looking at the hourly frequency results, the
p-values are, in general, considerably smaller than for the S&P, though they still fail to reject

each hourly frequency subsample contains 12 weeks (one quarter) of data, and each 15-minute frequency
subsample contains 4 weeks (one month) of data. For each frequency, the adjacent subsamples are
non-overlapping.
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Figure 1.6: Technical Trading Rules evaluation results summary for the Austrian index (ATX)
and the mean return performance measure.

the null hypothesis.

At the 15-minute frequency, however, there are three subsamples that reject the null hypoth-
esis of no abnormal performance of the best trading rule.

The results for the Hungarian BUX market (Figure 1.7) are qualitatively very similar to the
ATX index. After accounting for data-snooping, our trading rules are not able to outperform
the index at the daily and hourly frequencies, though there are three signi cant subsamples at
the 15-minute frequency.

The German DAX index (Figure 1.8), which is arguably the most liquid and developed
stock market in continental Europe, provides evidence consistent with the EMH. Compared to
the other European indices, we observe much higher occurrence of p-values very close to 1, and
notably smaller number of (nearly) signi cant White's Reality Check results. We fail to reject
the null hypothesis in each subsample and at all three frequencies.

The results of the Czech PX index (Figure 1.9) suggest that there existed periods of market
ine ciency during which the stock market could be exploited by using technical analysis. PX is
the only stock market index, for which there exists a daily frequency subsample (starting on May
14, 2008) that rejects the null hypothesis of White's test. We observe signi cant Reality Check
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Figure 1.7: Technical Trading Rules evaluation results summary for the Hungarian index
(BUX) and the mean return performance measure.

p-values at all three frequencies. However, the number of signi cant p-values still represents
only a small fraction of the subsamples considered.

The Slovenian SBITOP (Figure 1.10) contains the largest number of subsamples in which
we reject the Reality Check null hypothesis. Even though the market appears to be e cient at
daily frequency, we reject the null hypothesis for three hourly frequency subsamples and for eight
15-minute frequency subsamples. These subsamples are present mostly during the rst half of
the period observed, in particular, during the last quarter of 2008, the period corresponding to

the most intense nancial crisis stress.

Finally, the Polish WIG index (Figure 1.11) again provides evidence mostly in favor of
the E cient Markets Hypothesis. We observe a high resemblance between the WIG and DAX
indices. With the exception of one instance in the 15-minute frequency data (again corresponding
to autumn of 2008), all Reality Check p-values are above 0.05 and overall maintain higher values,
especially for daily and hourly frequencies.
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Figure 1.8: Technical Trading Rules evaluation results summary for the German index (DAX)
and the mean return performance measure.

Table 1.3: Number of statistically signi cant Reality Check subsamples.

The table contains the number of subsamples, for which the Reality Check procedure applied to
the mean return performance measure rejects the null hypothesis of no abnormal performance
of the best trading rule.

Frequency || SPX DAX | ATX BUX PX SBITOP WIG

Daily 0 0 0 0 1 0 0
Hourly 0 0 0 0 2 3 0
15-minute 0 0 3 3 1 8 1

Summarizing the results presented in this section (see also Table 1.3), we nd evidence that
all the nancial markets (as proxied by their corresponding market indices) have been e cient
with respect to the set of relatively simple trading rules providing signals using daily frequency
data during the period covered in our sample. Moreover, the stock market indices of the United
States and Germany (the two most developed markets in our sample) also exhibit the same
results when both types of higher frequency data (hourly and 15-minute) are considered. For the
remaining ve CEE markets, we nd some evidence of the existence of trading rules that possess
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Figure 1.9: Technical Trading Rules evaluation results summary for the Czech index (PX)
and the mean return performance measure.

true predictive power over the indices for several hourly and 15-minute subsamples. However,
these subsamples do not occur frequently and are always followed by periods during which
evidence of market e ciency (with respect to our trading rules) again prevails. Nevertheless, for

these ve stock markets, we observe periods characterized by mixed evidence of market e ciency.

We must note, however, that to claim that a certain market is truly ine cient, one needs
to be able to actively trade on this market, while simultaneously bearing transaction costs that
do not wipe out all the excess return yielded by a technical trading strategy. Considering the
Slovenian index as an example, even though certain exchange traded funds (ETFs) exist with
Slovenian exposure (such as the iShares MSCI Frontier 100, which is exposed to the emerging
markets), to the best of our knowledge, no ETF exists that would directly be following the
SBITOP index (see section 1.4 for a discussion). It is therefore possible that trading on this
index would be accompanied with considerably high transaction costs that could potentially
wipe out all pro ts included in a trading strategy, as an investor would have to rebalance every
asset included in this stock index individually, especially considering that such actions would
potentially need to be carried out multiple times per day.
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Figure 1.10: Technical Trading Rules evaluation results summary for the Slovenian index
(SBITOP) and the mean return performance measure.

1.5.2 A Thought Experiment: the "Best Rule" Investment Strat-

egy and Transaction Costs

The non-overlapping subsamples structure of our analysis enables us to observe how all the
results evolve over time. One way in which it is possible to exploit such results is to evaluate how
a hypothetical investor following a certain set of rules would perform over time. Observing the
left-hand side graphs shown on Figures 1.5 - 1.11, we note that, for all subsamples (disregarding
frequency), a multitude of TTRs do outperform the corresponding benchmark buy-and-hold
strategy. Despite the fact that White's Reality Check procedure does not frequently qualify a
performance of the best trading rule as immune to data-snooping, we note that it is not unusual
to observe two (or more) adjacent subsamples during which the same trading rule outperformed
the market. Visually, this may be expressed as observing a xed colored line above the thick
black line for a multitude of adjacent subsamples. We are therefore interested in analyzing how
a hypothetical investor observing outperforming rulesin the near past who follows themin the

near future would perform.

We devise the following, simplest possible strategy (and we refer to it as the "Best Rule"
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Figure 1.11: Technical Trading Rules evaluation results summary for the Polish index (WIG)
and the mean return performance measure.

investment strategy): for each subsample, we identify the corresponding best-performing TTR
and denote its index ask . In the subsample that follows directly afterwards (indexed by

Ti as the beginning andT; as the end), we follow this particular TTR and record its excess
performance, denoted as:

0 1 0 1

i i
W =ep@ (VA exp@ FTA (1.15)
t:Ti t:Ti

Thevalue' 3, 1 represents the di erence between the terminal value of $1 invested in the TTR
k between timesT; and T; and following the buy-and-hold strategy during the same period.
Thus, it may be thought of as the mean return excess performance of the TTR betweef and
Tj.

of values:
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Assuming that these values represent a stationary time series, we formulate the null hypothesis
that the "Best Rule" investment strategy yields the same expected performance as the buy-and-
hold strategy: h i
Ho:E '¥, ¢ =0 (1.17)
A rejection of Hg then implies that the expected performances of these two strategies di er in
a statistically signi cant manner. In order to account for a possible autocorrelation in the time
series, we estimate the sample mean of the time series (denoted @s) and the standard error
of the sample mean as:

1 X
=N T! Tiw
. w ¥ 1 # (1.18)
SE(c )= ~ 1+2 1 M g
N . N

where b is the usual standard deviation estimator. The 95% con dence interval for : is then

formed asc:  1:.96SE (c' ). The null hypothesis is rejected when this interval does not contain
zero.

We also perform a robustness check of the above procedure. Instead of simply estimating the
mean and the standard error that accounts for the possible autocorrelation in the time series, we
t both the AR(1) and MA (1) models to the time series and evaluate the statistical signi cance
of the estimated stochastic process means. Moreover, we perform a non-parametric Wilcoxon
signed-rank test to test for the mean value of the time series. All the approaches yield identical
results in terms of statistical signi cance and we omit them for the sake of brevity.

Testing for -« provides an insight into the potential prediction power of the "Best Rule"
investment strategy. In order to also evaluate its pro tability, for each subsample, we calcu-
late break-even transaction costs. These are the per-trade transaction costs (expressed as the
percentage of the traded value) that would wipe out all the excess performance of the TTR.
Assuming that the TTR during subsample T; ! Ti+1 requiresn; trades, and in each trade, the
corresponding one-period return is reduced byl C;, these transaction costs are break-even if
they satisfy the equation:

0 1 0 1
3(+1 (k ) 3(+1 (BH)
exp@ nTCA =exp@ A (1.19)
t=T, t=T

Solving for TC;, P «) P (BH)
i+1 r i+l

- e
LS (1.20)
|
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We calculate the break-even transaction costs for each subsample separately (as indexedipy
and for the entire period observed. In this case, the total number of trades is L, *n; and the
entire period break-even transaction costs are equal to:

PT_N () PT_N ((BH)
TCror = —— 1 'p L (1.21)

In general, the greater the value ofT C;, the greater the evidence of pro tability of the trading
rule, since in order for the excess performance to disappear, the percentage per-trade transaction
costs need to be relatively large. However, we note that, though helpful, this calculation does
not provide a de nitive answer, since the notion of "relatively large" may be di cult to quantify,
especially for the emerging markets considered in our study.

Predictability

The results are displayed in Table 1.4 and, for the 15-minute frequency data, also in graphical
form in Figure 1.12. Figure 1.12 displays time development of the excess performance time series
for each subsample. Thick horizontal lines represent the estimated mean of these time series
(i.e., the estimates ¢ ) and colored bars cover the corresponding 95% con dence intervals. If

the entire region is above zero, we reject the null hypothesis that the "Best Rule" strategy has
zero expected excess performance. These cases are represented by green con dence bands, while
for cases that do not reject the hypothesis, the intervals are red.

Summarizing Table 1.4 and Figure 1.12 and assuming that the "Best-Rule" strategy provides
a quanti able measure of the predictable power of technical analysis, we observe that there are
gualitative di erences in the results, both across stock market indices and across the frequencies
considered.

With the exception of the Slovenian index, the "Best-Rule" strategy does not yield excess
performance when applied to the daily frequency data. However, we note that the daily fre-
guency results need to be taken with caution, since there are very few observations on which
the statistical inference is carried out. Nevertheless, the results are not surprising, since, as
argued above, true predictive power of our set of TTRs is not con rmed at the daily frequency.
Following the "Best-Rule" strategy at the daily frequency would yield 13% annualized return in
excess of the buy-and-hold strategy for the Slovenian index, while applying this strategy to the
other indices (with the exception of BUX) would actually yield negative excess returns.

Considering the hourly frequency results, there are four indices (Austrian ATX, German
DAX, Slovenian SBITOP, and Polish WIG) for which we document signi cantly positive values of
the "Best-Rule™s excess performance. These positive results are observed for the CEE countries,
with the surprising exception of the marginally signi cant German DAX index. The results for
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the other benchmark index, the SPX, are not signi cant, and the valuec: is very close to zero
at all three frequenciest? Nevertheless, we observe that moving from a daily into an hourly
frequency setting may have improved the performance of technical analysis for some of the stock
market indices.

This nding is also consistent with the 15-minute frequency results. In this case, we observe
a clear division of indices into two groups. The rst group consists of the two well-developed
benchmark stock markets (SPX and DAX), for which the valuesc: are not statistically signi -
cant, suggesting that the "Best-Rule" strategy is, on average, no better than simply holding the
index. Conversely, the second group consists of the remaining ve CEE stock markets. We doc-
ument a statistically excess performance for each of these markets. These results are in line with
our intuition that technical analysis is more likely to possess predictive power for stock markets
that are less liquid and relatively less important from the global perspective. Moreover, this
predictability is present at higher frequencies to a greater extent than with lower frequencies.

Table 1.4 summarizes these results. Panel A displays estimated values of the per-subsample
expected gros$® excess performances: of the "Best-Rule" strategy for each of the country-
frequency pairs. The values shown in bold are statistically signi cant in the positive direction
at the 5% level. The "Best-Rule" strategy yields a 13% per annum excess return when applied
to the daily frequency SBITOP index. At the hourly frequency, the largest excess return is
documented for the ATX index: 9.1% per quarter, equivalent to 36.4% per annum. Similarly, at
the 15-minute frequency, the ATX index yields as much as 6.1% per month, equivalent to 73.2%
per annum.

Pro tability - Transaction Costs

Up to this point, the discussion has not taken into account the presence of transaction costs
associated with trading. There are several kinds of transaction costs that an investor incurs
when opening and closing trading positions (including exchange fees, the costs of immediacy,
non-synchronous trading costs, and taxe’d). We follow an established practice in the literature®
and calculate the break-even transaction costs, expressed in units of percent-per-trade, that
would erase all of the excess performance of the "Best-Rule" strategy. The results are reported
in Panel C of Table 1.4. We only report results for the statistically signi cant predictability
cases.

The range of the calculated break-even transaction costs is 2.5 basis points (bps) (WIG

2The results for the SPX index are in line with our intuition and thus serve as a good control group
for our choice of the entire evaluation setting.

13Before transaction costs.

“For a detailed discussion, see, for example, Bajgrowicz and Scaillet (2012).

15For example, Bessembinder and Chan (1999), Neely and Weller (2003) and Bajgrowicz and Scaillet
(2012)
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Table 1.4: "Best Rule" investment strategy predictability results.

Panel A reports the estimates of the expected excess performance of the "Best Rule" strategy
expressed as the di erence between the terminal value of $1 invested in the beginning of a
subsample and following either the "Best Rule" strategy or the buy-and-hold strategy. The
highlighted values are statistically signi cant in the positive direction at the 5% level. Panel

B reports the same values on an annualized basis. Panel C reports the break-even transaction
costs (expressed in percentage points per trade) required to wipe out the excess performance
of the "Best Rule" strategy. The values are reported only for the cases in which we possess
statistically signi cant evidence of predictability.

Panel A: Estimated Panel B: Excess Panel C: Break-even
per-subsample performancec on transaction costs

excess performances: an annualized basis (per trade) T Cror (%)
Frequency | Daily Hourly 15-Min Daily Hourly 15-Min Daily Hourly 15-Min
SPX -0.015 0.008 0.004 || -0.015 0.032 0.048
DAX -0.091 0.058 0.012 || -0.091 0.232 0.144 0.091
ATX -0.007 0.091 0.061 -0.007 0.364 0.732 0.115 0.095
BUX 0.069 0.038 0.026 0.069 0.152 0.312 0.039
PX -0.025 0.046 0.029 || -0.025 0.184 0.348 0.054
SBITOP 0.13 0.077 0.046 0.13 0.308 0.552 0.758 0.223 0.179
WIG -0.041 0.033 0.017 -0.041 0.132 0.204 0.06 0.025

at the 15-minute frequency) to 75.8 bps (SBITOP at the daily frequency) per trade. The
degree to which such transaction costs are likely to actually be present is not quanti able in a
straightforward manner. However, several results may serve as a guideline for determining what
reasonable transaction costs might equal. Bajgrowicz and Scaillet (2012) consider the so-called
high cost scenario, corresponding to 50 bps per trade and the low cost scenario, corresponding
to 25 bps per trade. Neely and Weller (2003) consider 2.5 bps as an estimate of the transaction

costs a large institutional investor would face.

Assuming Neely and Weller's value of 2.5 bps, we observe that all statistically signi cant
index-frequency pairs would be pro table even after transaction costs, since in all cases, the
break-even transaction costs are greater than 2.5 bps per trade. However, acknowledging that
such values may be realistic only for large institutional investors (and likely only for liquid stock
markets) and assuming a value of 25 bps instead, the conclusions change considerably, since only
the (arguably least-developed) SBITOP index traded at the daily frequency would o er excess
returns net of transaction costs. The actual pro tability of the "Best-Rule" strategy therefore
depends greatly on the particular value of transaction costs an investor would face. Nevertheless,
we conclude that our calculated break-even transaction costs are not so low as to unequivocally
undermine the documented market-outperforming power of technical analysis.
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Figure 1.12: "Best Rule" investment strategy graphical results summary for the 15-minute
frequency and the mean return performance criterion. The graphs display the time series of
excess performance measure% 1., (greenline), their estimated mean value (horizontal thick
black line) and the corresponding 95% con dence interval (red and green regions, corresponding
to the cases when the null hypothesis is not rejected and is rejected, respectively).

41



1.6 Conclusion

This study carries out a multidimensional investigation of weak-form market e ciency for the
stock market indices of the United States, Germany and ve CEE countries during the years
following the 2008 nancial crisis. Our aim is to analyze the predictive power and pro tability of
three simple classes of well known technical trading rules applied to market index prices sampled
at three di erent frequencies: daily, hourly, and 15-minute. By dividing our datasets into non-
overlapping subsamples, we are able to assess the developments of all results across time. As
our sample contains indices representing both highly developed nancial markets and markets
that can still be considered emerging, we are mainly interested in qualitative comparison of the
results across these two groups in the context of the E cient and Adaptive markets hypotheses.

We approach this research objective from two perspectives. Firstly, we calculate the perfor-
mance of the set of trading rules on either the mean return basis or the risk-adjusted Sharpe
Ratio basis, and evaluate them relative to the benchmark buy-and-hold strategy. In order to
avoid data snooping bias, we also conduct White's Reality Check procedure intended to inves-
tigate whether the best performing trading rule possesses true predictive power over the price
process. Secondly, we study the performance of an investment approach that in each subsam-
ple follows the best performing trading rule from the immediately preceding subsample. This
"Best-Rule" investment strategy can easily be conducted in the real world, provided an investor
is allowed to trade the market index as often as the particular sampling frequency requires. We
record the excess performance of this strategy on a subsample basis and test the null hypothesis
that the expected excess performance is less than or equal to zero. Additionally, we discuss how
a potentially pro table "Best-Rule" strategy persists after accounting for transaction costs.

Combining the results of both approaches, we nd that our sample of seven stock market
indices can be objectively divided into two groups. The rst group, consisting of the US S&P
500 and the German DAX indices exhibits results that strongly point to market e ciency. For
the vast majority of subsamples, the Reality Check fails to reject the null hypothesis of no
superior performance of the best rule. Moreover, using the best performing rules in the "Best-
Rule" investment strategy does not yield excess performance signi cantly greater than zero.
These results are stable over time, and are robust with respect to the choice of the performance
measure and the sampling frequency of the price process. These results were largely expected
for the two developed stock market indices of the United States and Germany, and we conclude
that these indices exhibit results consistent with weak-form e ciency at all three frequencies.

The second group, consisting of the ve CEE indices, exhibits similar results only for daily
frequency data. For the two intraday frequencies, we nd some evidence of time varying infor-
mational e ciency of the markets with respect to our set of trading rules. We document several
time periods during which White's Reality Check rejects the null hypothesis at one daily (the
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Slovenian index) and several intraday frequencies (all three indices). Moreover, an investor fol-
lowing the "Best Rule" investment strategy would obtain statistically signi cant positive excess
returns for the Austrian, Slovenian, and Polish indices at the hourly frequency and for all ve
indices at the 15-minute frequency. However, these results are challenged after the calculated
breakeven transaction costs (varying from 2.5 bps to 75.8 bps) are taken into account, although
we do not rule out the possibility that the net excess returns would also remain positive. Over-
all, we conclude that the results for this second set of indices suggest an adaptive nature of
market e ciency, with the occurrence of periods during which technical analysis might be truly
pro table.

We conclude that this study highlights di erences between well-developed and emerging
stock markets. Since analysis of informational e ciency is of great importance, especially for
the nancial markets that can still be considered to be emerging, two possible directions for
future research may include a detailed analysis of transaction costs and an investigation of
additional trading strategies as well as of even higher frequency trading pro tability.

1.A Appendix

1.A.1 Trading Rules

Three di erent classes of technical trading rules (TTRs) are employed in this study: the Variable
Moving Average (VMA), the Trading Range Breakout (TRB), and the Filter rule (F).

1. Variable Moving Average (  VMA(Ns; N ;B)):

~

Ns 2 N: number of past closing prices used to calculate the short moving average,

~

NL 2 N: number of past closing prices used to calculate the long moving average,
N_L >Ns,

B 2 (0;1): the percentage band of inactivity.

The trading rule works as follows. Denote byP; the closing price at timet and by S; the
trading signal for period t. Start with a neutral position, thus, Sp = 1. At each trading
period t, the two moving averages of past prices are calculated:
1 X1 1 Xt
SMA = — Pi; LMA;= —
Ns i n L=
= s i=t N_

PiZ

Based on this information, the trading signal for periodt, S;, is generated based on the

following instructions:
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“IfS 12f 1;,0gand SMA; (1+ B)LMA ¢, then S =1.

“IfS 1=1and SMA; LMA, thenS =1.

" IfS 12f0;1gand SMA; (1 B)LMA ¢, then S = 1

" IfS 1= land SMA; LMA thenS = 1
E ectively, starting in a neutral position, the rst time the short moving average rises
above (falls below) the long moving average adjusted by the band of inactivityB, a long
(short) position is entered. This long (short) position is maintained until the short moving
average stays above (below) the long moving average value (unadjusted IB). As soon
as this condition is violated, a neutral position is taken. This position is maintained until

the short moving average rises above (falls below) the long moving average adjusted by
the band of inactivity B, at which point a long (short) position is entered again.

We set the following values of the parameters:

Ng 2f2;3;5;10;159; N 2 f 10; 15; 20; 25; 30; 40; 50; 75g;

B 2 0;0:001 0:002 0:003 0:004 0:005; 0:006, 0:007g

Recognizing that for each rule, it must hold that Ns < N |, this parametrization yields in
total 296 individual TTRs.

. Trading Range Breakout (  TRB(N;B)):

N 2 N: number of past closing prices used to evaluate the trading range,

A~

B 2 (0;1): the percentage band of inactivity.

We again start in a neutral position, Sp = 0. At each time period t, the following two
values (the resistance and the support, respectively) are calculated:

Based on this information, the trading signal for periodt is generated based on the fol-
lowing instructions:

“IfS 1=0andP; 1> (1+B) (,thenS =1.

" IfS 1=0andP; 1< (1 B) {,thenS = L

TS 1=1andP; 1< (1+ B) ,thenS; =0.

“1fS 1= landP 1> (1 B) ¢ then S =0.
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" Else,Si= S 1.

E ectively, starting in a neutral position, the rst time the closing price rises above (falls
below) the maximum (minimum) of the past N 1 closing prices, adjusted by the band of
inactivity B, a long (short) position is entered. This long (short) position is maintained
until the closing price gets below a critical level de ned as the minimum (maximum) of
past N prices, adjusted by the band of inactivity B. This band of inactivity serves now
as a tolerance level in a sense that in the case of a long position, the closing level is
obtained by multiplying the minimum of the past N prices by (1 + B). As soon as the
price gets below (rises above) this closing level, a neutral position is taken. This position
is maintained until the closing price rises above (falls below) the maximum (minimum) of
the past N 1 closing prices, adjusted by the band of inactivityB, at which point a long
(short) position is entered again.

We set the following values of the parameters:

N 2f5;7;10;12; 14;16; 18; 20; 22; 25; 30; 35; 40; 45; 50; 75g;

B 2 0;0:001 0:002 0:003 0:004 0:005 0:006, 0:007, 0:008 0:009; 0:01g
This parametrization yields in total 176 individual TTRs.
. Filter ( F(x;y)):

" x> 0: the percentage lIter for entering a position,

"y > 0. the percentage lter for exiting a position.
We again start in a neutral position (Sp = 0) and we de ne the reference price aR = Py.
At each subsequent time periodt, the trading signal for period t is generated based on
the following instructions:

" IfS 1=0andP; 1> (1+ X)R,then S; =1 and dene R = P; ;.

TS 1=0andP; 1< (1 x)R,thenS;= landdeneR= P; ;.

" IfS 1=1andP; 1< (1 Yy)R,thenS; =0 anddeneR = Py ;.

“IfS 1=1andP; 1>R,thenS;=1 anddene R= P; 1.

TIfS 1=1landP; 12[(1 Yy)R;R],then S =1.

" IfS 1= landP; 1> (1+y)R,thenS;=0 anddene R = P; ;.

" IfS 1= landP; 1<R,thenS;= landdeneR=P; ;.

S 1= landP; 12 [R;(1+y)R], thenS = 1.
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E ectively, starting in a neutral position, the rst time the closing price rises above (falls
below) the reference priceR adjusted for the opening Iter x, a long (short) position is
entered. At the same time, a new reference price is de ned as the closing price at which the
position was entered. If during this long (short) position the next period price increases
(decreases), the reference price is updated as this new closing price and the long (short)
position is maintained until the closing price falls below (rises above) the closing- Iter-
adjusted reference pricgl+ y)R ((1 y)R), at which point a neutral position is taken and
the reference priceR is again re-de ned as this last closing price. This neutral position is
maintained until the closing price rises above (falls below) the leve{1 + y)R ((1 y)R),

at which point a long (short) position is entered again.

We set the following values of the parameters:
x 2 f 0:0025 0:005, 0:0075 0:01; 0:015 0:02; 0:025, 0:03; 0:035; 0:04; 0:045; 0:05g;

y 2 f 0:0025 0:005; 0:0075 0:01; 0:015, 0:02, 0:025,; 0:03; 0:035; 0:04; 0:045, 0:059

This parametrization yields in total 144 individual TTRs.

Our complete "universe" of trading rules thus contains296 + 176 + 144 = 616 individual TTRs.

1.A.2 Reality Check Stationary Bootstrap

Stationary bootstrap of Politis and Romano (1994) is used to obtain the asymptotic distribution
of the White (2000) Reality Check test statistic V valid under the null hypothesis. We start with

g2 (0; 1), this sequence is generated as follows:

1. Sett=1. Draw (t)= (1) independently and uniformly from the set {1, ..., T}.

2. Sett=t+1. Ift>T, stop. Otherwise, draw one random independent realization from

the standard uniform distribution U[O; 1] and denote this number byu.

a) If u<q, draw (t) independently and uniformly from the set {1, ..., T}.

b) Ifu g set ()= (t 1)+1.If (1)>T,reset ()=1.

3. Repeat Step 2.

algorithm samples blocks of original data of varying length, where the length of one block is a

random variable generated from a discrete geometric probability distribution with the (success)
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parameter g. An expected length of one block is therefordd=q We follow a standard practice
in the literature (Sullivan, Timmermann, and White (1999), Park et al. (2014)) and setq=0:1.
For this bootstrapped sample, a universe of TTRs is applied and a bootstrapped value of

the test statistic is calculated as:

P— Ak k
Vo = max £ T f‘ﬁ,l;)b pl9 g
This completes one bootstrap repetition of the test. This procedure is repeate® times and
the empirical distribution of V,, approximates the probability distribution of the test statistic
V valid under the null hypothesis of no abnormal performance.

1.A.3 Sharpe Ratio Performance Measure Results

The next seven gures (Figures 1.13 to 1.19) display the technical trading rules performance
evaluation for the Sharpe Ratio criterion, which we omitted in the main body of the text for
the sake of brevity. We emphasize that overall, our entire analysis appears to be highly robust
with respect to the particular choice of performance measure. Thus, if a rule is deemed to bear
true outperforming power over the market, the returns emanating from this rule outperform the
buy-and-hold returns also from the risk-adjusted perspective.

Figure 1.13: Technical Trading Rules evaluation results summary for the Austrian index
(ATX) and the Sharpe Ratio performance measure.
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Figure 1.14: Technical Trading Rules evaluation results summary for the Hungarian index
(BUX) and the Sharpe Ratio performance measure.

Figure 1.15: Technical Trading Rules evaluation results summary for the German index
(DAX) and the Sharpe Ratio performance measure.
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Figure 1.16: Technical Trading Rules evaluation results summary for the Czech index (PX)
and the Sharpe Ratio performance measure.

Figure 1.17: Technical Trading Rules evaluation results summary for the Slovenian index
(SBITOP) and the Sharpe Ratio performance measure.
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Figure 1.18: Technical Trading Rules evaluation results summary for the S&P 500 index
(SPX) and the Sharpe Ratio performance measure.

Figure 1.19: Technical Trading Rules evaluation results summary for the Polish index (WIG)
and the Sharpe Ratio performance measure.
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Chapter 2

Order Flow Toxicity Around
Oil Inventory Announcements: Evidence of the
VPIN Metric.

2.1 Introduction

One of the main research areas in the market microstructure literature is the relationship between
market makers and market takers, that is, between the passive and the active (aggressor) sides
of each trade in the limit order book market. Traditionally, market makers have been assumed
to be competitive and to face the problem of adverse selection, referring to the possibility that
the aggressive market taker possesses private information about the asset value, and that the bid
and ask prices quoted by market makers may be exploited by such an informed trader, leading
to market maker's losses. Consequently, an accepted theoretical result is that, in an e ort to
contain the risk of order ow toxicity, market makers' reaction is to adjust their bid-ask spread
accordingly. Greater probability of market makers being adversely selected may therefore cause
wider bid-ask spreads, smaller market depth (the number of contracts passively quoted at the
best bid and o er prices), and an increase in the price impact of trades (Glosten and Milgrom
(1985), Easley and O'Hara (1987)). The relationship between the degree of adverse selection
and various limit order book market characteristics is, therefore, naturally of interest to all
market participants and regulatory authorities, as is the availability of appropriate methodology
by which the presence of informed trading can be quanti ed in real time.

In their seminal paper, Easley et al. (1996) develop a sequential trading model, in which
competitive market makers use a Bayesian updating technique to protect themselves from the
order ow toxicity imposed by informed traders. The measure of the adverse selection proposed
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by this model, the PIN (the Probability of Informed Trading), is based on order book side
imbalance of the total volume traded, while estimation of the model parameters is carried out
using maximum likelihood. Using transaction level data of multiple stocks listed on the NYSE,
the authors document a positive relationship between PIN and quoted bid-ask spreads.

The Easley et al. (1996) model became the cornerstone of empirical research into the presence
of adverse selection in limit order book markets and has since been applied to a wide range of
settings (Easley, Hvidkjaer, and O'Hara (2002), Vega (2006), Chen and Zhao (2012) and Chang
and Lin (2015)). Of course, the methodology itself has also been extended and modi ed, as the
static nature of the original model carries several limitations, especially when applied to modern
and fast electronic markets. In particular, as Weng et al. (2017) assert, in the original model,
the rates of arrival of informed and uninformed traders are assumed to be constant over the
observed period (which, according to the original assumptions, represents several days to several
months worth of data), making a timely identi cation of the presence of short lived information
virtually impossible.

With the purpose of addressing the limitations of the static parametric PIN model, Easley,
de Prado, and O'Hara (2010) introduced a non-parametric dynamic way to estimate the informed
trading probability. Their measure, called the Volume-synchronized Probability of Informed
Trading (VPIN), enables a researcher to update the estimated degree of adverse selection present
in the market on a sequential basis. This sequentiality is based on a volume-time based approach
of the VPIN metric, producing a new estimate of VPIN after each pre-determined number of
contracts is traded in the market (an approach referred to by the authors as volume bucketing).
A particular feature of volume bucketing is that the rate of VPIN updating is synchronized with
trading intensity, which the authors consider to be the proxy for the rate of the arrival of new
information. Therefore, assuming that the calculation parameters are chosen appropriately, a
researcher may possess relatively frequent updates of VPIN, creating an attractive empirical
research area, especially for today's highly liquid, competitive, and fast-moving market.

Despite numerous studies investigating the VPIN metric in various settings (for example,
Abad and Yagle (2012), Wei, Gerace, and Frino (2013), (Wu et al. 2013), Cheung, Chou, and
Lei (2015), Lee et al. (2017) and Yildiz, Van Ness, and Van Ness (2020)), there is an ongo-
ing debate regarding its validity in truly capturing the order ow toxicity. Moreover, although
the static PIN and its modi ed dynamic version have been used in event studies (Vega (2006),
Aktas et al. (2007), Chen and Chung (2007)), to the best of our knowledge, the number of stud-
ies investigating the VPIN dynamics around regularly occurring macroeconomic announcement
events remains relatively low, particularly so in the environment of high frequency limit order

1A more detailed description of this model is presented in section 2.4.
2A more detailed description of this model is presented in section 2.4.
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book markets?

The aim of this study is to help to Il this gap by investigating the dynamics and the
predictive ability of VPIN during regular, relatively frequent, and signi cant macroeconomic
announcement events in modern electronic markets. Our asset of choice is one of the most
liquid and frequently traded securities in the world - the WTI crude oil futures contracts traded
on NYMEX.4 One of the distinct features of the crude oil futures market is the presence of
regular and signi cant macroeconomic data announcements that directly a ect the price of
crude oil: the weekly data on the level of US crude oil inventories. In particular, two signi cant
data announcements are released each week: the Weekly Statistical Bulletin by the American
Petroleum Institute (henceforth, the API report) and the Weekly Petroleum Status Report by the
Energy Information Association of the Department of Energy of the United States (henceforth,
the DOE report).

The API and the DOE reports, though aiming to report the same quantities, di er in the
ways, the means, and the authority by which they collect the underlying data, often resulting in
di erent reported values of crude oil inventory levels. While the API is a private organization,
and companies involved in the supply chain of crude oil are not required by law to disclose
information to the API, the reverse is true for the US Government's DOE report. Moreover,
while the API report is usually released each Tuesday after market hours (at 4:30 p.m. Eastern
Time (ET)), the DOE report is usually released the following Wednesday during market hours
(at 10:30 a.m. ET). This unique and regular sequential publishing schedule of the two reports,
combined with the high frequency trade-level data on the WTI futures contract at our disposal,
provide an interesting setting in which the changes in various market microstructure character-
istics (including the estimates of order ow toxicity) occurring at very high frequencies can be
investigated.

We are particularly interested in estimating the dynamics of the order ow toxicity (as mea-
sured by the VPIN metric) around the APl and DOE announcements, and its dependence on
the actual quantities announced, and on the degree to which the quantities di er from market
expectations. We measure these market expectations as the DOE report's survey forecast (avail-
able prior to the release of the API report) for the API report, and as the published API value
for the DOE report.> We aim to contribute to the academic debate on VPIN and the adverse
selection measurement by answering the following questions: Is the presence of the announce-
ments accompanied by changes in the VPIN dynamics? Do features exist in the VPIN dynamics
that depend on the degree to which the announcements are surprising? Do the estimated VPIN

3A more detailed overview of similar studies is provided in the Literature Review, section 2.2.

4See, for example https://www.cmegroup.com/education/featured-reports/cme-group-lead
ing-products.html

SA similar approach is taken by Ye and Karali (2016), Armstrong, Cardella, and Sabah (2017) and
Anatolyev, Seleznev, and Selezneva (2018).
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values suggest a potential presence of insider trading? Are the answers to the previous questions
di erent for the two types of the announcements? Finally, how do the VPIN calculation input
parameters a ect the observed results?

We nd that the VPIN dynamics observed around oil inventory announcements are in ac-
cordance with the hypothesized presence of greater informed order ow intensity immediately
after new information is published. In particular, the estimated probability of informed trading
increases by approximately 20% on average for both reports under investigation. The recorded
VPIN adjustment, however, occurs notably faster for the DOE report, which is usually released
during the pit trading hours and is accompanied by considerably greater overall trading activ-
ity. Moreover, we nd some evidence of a positive association between the magnitude of the
VPIN change around the two types of inventory announcements and the degree to which these
announcements are surprising. However, we note that changes in the informed order ow dy-
namics are observed only after publication, as we nd no evidence of an association between
the pre-announcement VPIN dynamics and the degree to which an announcement is surprising.
Because one of the possible reasons for such rapid changes in informed trading activity could be
the presence of inside information (especially of the last minute leakage kind), the fact that we
do not observe such dynamics prior to oil inventory announcements does not provide evidence
of the presence of insider trading.

Interestingly, on DOE announcement days, we observe, on average, 20% smaller values of
VPIN during the 30 minutes leading up to the publication time, as opposed to the same time of
day on non-announcement days. This average observed di erence of approximately 3 percentage
points is, however, not observed, when we consider the corresponding time windows pertaining to
the API report. We conjecture that this observation may be associated with relatively increased
activity of liquidity-demanding traders aiming to reduce any oil price exposure they might face
due to an upcoming announcement, as well as with relatively decreased activity on the part
of informed and speculative traders, who are less willing to engage in usual trading activities,
again, because of a pending announcement.

Finally, although di ering in the absolute terms (the average non-announcement day VPIN
is equal to 0.175 for the smaller volume bucket size category and 0.125 for the larger bucket
size category), the qualitative nature of the changes observed in VPIN dynamics appears to
be robust with respect to the researcher's choice of the volume bucket size, which represents
one of the key VPIN metric input parameters. We thus assert that VPIN may, under certain
circumstances, be considered a viable and valuable measure of order ow toxicity, applicable

even in electronic markets with great order ow intensity.

The remainder of this paper is structured as follows. Section 2.2 overviews studies focusing
either on the phenomenon of adverse selection or on crude oil inventory announcements. Section

2.3 describes our three-year sample of WTI futures contracts trade data and the complemen-
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tary data on the APl and DOE reports. In section 2.4, we introduce both the original PIN
model and its younger semi-parametric sibling, the VPIN. Further, we provide de nitions of all
variables used in hypothesis testing, and describe the empirical strategy we use to evaluate our
hypotheses. Finally, section 2.5 evaluates the dynamics of various market characteristics during
hours surrounding the publication of the inventory reports, the dynamics of the VPIN metric,
and its relationship with the undelying macroeconomic fundamentals in the form of published
oil inventory data.

2.2 Literature Review

2.2.1 Informed Trading, Adverse Selection and VPIN in High-
Frequency Markets

In the Easley et al. (1996) sequential model, both informed and uninformed traders are present
and, at the beginning of each period, an information event impacting the asset value occurs
(good news, bad news, and no news are the three possibilities considered). The aggressors then
arrive according to the Poisson distribution, while the intensity parameter of this distribution
depends on types of traders as well as on the occurrence of the information event.

As mentioned earlier, the original static model has been extended multiple times, most
notably by Easley et al. (2008), in which the authors use a GARCH-type model to assume time
varying rates of arrival of di erent classes of traders, while retaining the parametric nature of the
model. Studies investigating this dynamic model include Engle and Neri (2010) and Agudelo,
Giraldo, and Villarraga (2015).

Finally, a non-parametric VPIN model was introduced by Easley, de Prado, and O'Hara
(2010). The authors demonstrate the usefulness of the VPIN metric on the E-mini S&P 500
and the WTI crude oil futures contracts, sampled during the period from January 2008 to June
2011. The authors nd that the VPIN metric tends to precede a large fraction of periods of
extreme volatility, especially those induced by order ow toxicity accompanied by large risks
of adverse selection. Moreover, the VPIN metric may be useful to distinguish the causes of
volatility. Although mentioning one instance of the DOE report announcement (December 9,
2009), the authors do not systematically evaluate the relationship between VPIN and the weekly
crude oil inventories information events represented by the APl and DOE reports.

Easley, de Prado, and O'Hara (2011) focus speci cally on the dramatic episode that occurred
on May 6, 2010 (also known as the 2010 Flash Crash), during which various major US stock
market indices experienced a rapid collapse followed by a quick and substantial recovéryBy
the authors' calculations, changes in the VPIN metric preceded the dramatic changes in the

SFor example, the DJIA index experienced its largest one-day drop to date, falling by 998.5 points.
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E-mini S&P 500 futures contract. Moreover, emphasizing the usefulness of VPIN, the authors
argue that other market volatility measures (such as the VIX index) did not reach levels as
extreme as the VPIN metric soon enough to provide a timely indication of such extreme order
ow toxicity.

Multiple studies investigate the behaviour of VPIN in various settings. Abad and Yagle
(2012) calculate VPIN for Spanish stock market data. The authors nd that the two input
parameters of the VPIN metric provide reasonable exibility that has the ability to allow a
researcher to extend the VPIN applications beyond the HFT world.

Wei, Gerace, and Frino (2013) apply the VPIN metric to a set of securities traded at the Aus-
tralian Stock Exchange during the period from January 2008 to December 2010. They examine
the causal relationship between VPIN and several market characteristics (quote imbalance, price
volatility and duration), asserting that statistically signi cant Granger causality in the direction
from VPIN towards these factors is observable. However, Granger causality in the reverse direc-
tion is observable as well, leading the authors to conclude that there exists a dynamic two-way
relationship between the variables.

Wu et al. (2013) investigate the behaviour of various indicators of market microstructure dy-
namics and conclude that VPIN does indeed provide valuable information regarding approaching
periods of market distress. Utilizing a very large dataset (tick data on 93 highly liquid futures
contracts spanning a period of 67 months, including the WTI futures), and the processing power
of the United States' second most powerful supercomputer, the authors conduct a deep VPIN
investigation, including on its sensitivity to the choice of the underlying parameters. VPIN's
strong predictive power to anticipate liquidity-induced volatility has been documented. Similar
conclusions regarding the 2010 Flash Crash episode were achieved by Menkveld and Yueshen
(2013).

Cheung, Chou, and Lei (2015) examine the information content of VPIN around the call
events of callable barrier option contracts traded on the Hong Kong exchange spanning 2008 and
2009. Using the bulk classi cation algorithm proposed by Easley, de Prado, and O'Hara (2012),
the authors document a considerable increase in VPIN around these call events, concluding that
there is a greater market risk surrounding them.

We must note, however, that the VPIN metric considered in this paper has not been uni-
formly accepted in the academic literature. In particular, an interesting dispute between the
VPIN authors and Andersen and Bondarenko (2014b), has occurred. Contrary to the original
authors' claims, Andersen and Bondarenko (2014b) fail to document signi cant predictive abil-
ity of VPIN in detecting short-term price volatility. The authors argue that the main source of
seemingly strong predictive power is the strong correlation between VPIN and the underlying
trading intensity, meaning that VPIN has no incremental predictive ability.

Easley, de Prado, and O'Hara (2014) react to these conclusions, stating that "[Andersen and
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Bondarenko] attack a methodology we do not advocate, an analysis we never performed, and
conclusions we did not draw." Finally, Andersen and Bondarenko (2014a) review the reaction's
claims and collect additional empirical evidence of VPIN being prone to distortions driven by
trading intensity and price volatility. Moreover, the authors document that the VPIN values
are sensitive to the choice of the underlying trade classi cation technique, the use of which is
necessary whenever the data on the aggressor side of each trade is not available. Due to the fact
that the dataset in our study contains such aggressor side information, these sensitivity issues
are not present and the VPIN results applied to our data are not susceptible to distortions of
this kind.

An alternative to the VPIN was proposed by Chang, Chang, and Wang (2014). The au-
thors assert that their measure of intraday informed trading, called the Dynamic Probability
of Informed Trading (DPIN), is especially well-suited for estimation of order ow toxicity at
ner frequencies, such as 15 minutes. Applying the DPIN metric to the NYSE listed stocks
transaction-level data, they document a statistically signi cant relationship between the degree
of private information and rm-speci ¢ return variation. We note, however, that since our aim
is to investigate informed trading dynamics around very informative and liquid announcement
events, constraining the calculation frequency to 15 minutes might not yield informed trading
estimates with satisfactory granularity. The ability of VPIN to adjust the rate of updating to
the actual trading intensity represents a signi cant advantage of the VPIN metric in our setting.

Weng et al. (2017) utilize Taiwanese stock market index futures data during the period from
January 2003 to December 2007 and compare the DPIN and VPIN metrics, focusing particu-
larly on both foreign and domestic institutional investors' informed trading participation and
comparison thereof. Lee et al. (2017) apply the VPIN metric to a unique dataset containing the
information on the locations of institutional investors trading US futures contracts during the
2008-2009 nancial crisis. The authors document a signi cant positive impact of foreign insti-
tutional investors' VPIN on the assets' returns. Interestingly, a signi cant impact of domestic
institutional investors' VPIN is observed solely on Wednesdays.

Most recently, Yildiz, Van Ness, and Van Ness (2020) study the real-time risk management
potential of the VPIN metric by analyzing moments of sudden liquidity deteriorations in US
equity markets. They document ex-ante predictive ability of VPIN in forecasting market liquidity
and volatility, leading them to suggest that VPIN indicates the adverse selection problem that
liquidity providers face by capturing the valuable information in trade volume data.

2.2.2 Crude OIil Inventories

The relationship between energy commodities inventories announcements and corresponding
market price formation characteristics has been extensively studied in the academic literature.
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Linn and Zhu (2004) focus on natural gas futures prices and weekly natural gas storage change
reports by the Energy Information Association (EIA), documenting a signi cant increase in intra-
day volatility during announcement days. Chang, Daouk, and Wang (2009) analyze Bloomberg
professionals' forecasts of inventory level changes and conclude that crude oil futures returns
respond to inventory announcements in an immediate manner. Moreover, the magnitude of the
response is greater if the announced value is unexpected, and even more so if the forecasts were
produced by analysts with good track records.

More recently, Bu (2014) utilizes a GARCH model to investigate the relationship between
the degree of surprise of a DOE report and the magnitude and volatility of crude oil returns.
While a negative relationship between inventory shocks and returns is documented, no dynamics
are observable between the inventory shocks and the announcement day volatility of oil prices.

Bjursell, Gentle, and Wang (2015) focus on the identi cation of price jumps in three energy
futures markets (crude oil, heating oil, and natural gas) during the period from 1990 to 2008,
focusing particularly on periods surrounding the corresponding inventory announcements. Ap-
plying several non-parametric price jump identi cation methods, the authors document that the
inventory announcement dates are indeed accompanied by greater price jump components of the
price discovery process. Interestingly, post-announcement volatility tends to return to a normal
level more quickly during announcements with price jumps, as opposed to announcements not
accompanied by price jumps.

Ye and Karali (2016) evaluate the price and volatility reactions of the WTI crude oil futures
market (sampled at the 5-minute frequency) to both APl and DOE reports. The API surprise
is de ned as the di erence between the API report and the Reuters forecast by professional
analysts, while the DOE surprise is de ned as the di erence between the API and the DOE
reports, that is, the API report value is assumed to be the expected value of the DOE report (in
this case, the same logic is adopted in this study). The authors nd that both reports instigate
an immediate and inverse shock to the price of crude oil, observing generally stronger e ects for
the DOE report. Moreover, they document a relationship between the size of price changes due
to the DOE surprise and the direction and the strength of the API surprise itself.

Our study is perhaps most closely related to papers by Armstrong, Cardella, and Sabah
(2017) and Bjursell, Wang, and Zheng (2017). Armstrong, Cardella, and Sabah (2017) evaluate
the impact of the weekly DOE report on various oil market liquidity measures. These measures
include the number of trades, the quoted bid-ask spread, the depth of the limit order book, and
the absolute order imbalance. Using WTI futures data during the period from January 2010
to December 2015, the authors nd that the publication of the DOE report very quickly moves
prices in the direction of the new information and subsequently leads to increased liquidity (as
measured by the above characteristics). The authors argue that, rather than adverse selection,
these measures capture the degree of information ow into prices and they advise caution when
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interpreting this information ow as the degree of informed trading.

Bjursell, Wang, and Zheng (2017) consider the crude oil and natural gas futures markets
during the 2009 - 2015 period. Utilizing trade-level data (not containing aggressor-side infor-
mation) and considering the announcements by the Energy Information Association only, they
document signi cant increases in the VPIN metric for the announcements accompanied by price
jumps, as well as for the unexpected price jumps in these futures markets. The authors observe
greater order ow toxicity as measured by VPIN for the natural gas futures market.

Anatolyev, Seleznev, and Selezneva (2018) utilize the unique sequential nature of the API
and DOE reports announcements in characterizing the formation of market participants' beliefs
around these announcements. The authors conclude that the expectations are formed uniformly
across the futures term structure curve and that there exists a strong and negative relationship
between the announcement surprises and crude oil futures returns.

Based on the studies discussed above, we state that, due to the presence of periodic and
signi cant announcements, the WTI futures electronic market is an interesting setting in which
to study the dynamics of the VPIN measure and its potential to capture order ow toxicity. We
next describe the WTI futures trade data and the oil inventory announcements data we use in
this study.

2.3 Data

2.3.1 WTI Crude Oil Futures

Our data contains information on all trades in the WTI Light Sweet Crude Oil futures contracts
(CME Globex and Bloomberg product code: CL) traded at the New York Mercantile Exchange
(NYMEX), a commodity futures exchange owned and operated by CME Group (Chicago Mer-
cantile Exchange). The NYMEX electronic order book futures market hours start at 6 p.m.
Eastern Time (ET) and end at 5 p.m. ET, Sunday to Friday. The minimum price uctuation is

1 cent per barrel, while one unit of the CL futures contract represents 1,000 US barreld. Our
data sample covers a period of three years, from January 3, 2017 to December 31, 2019, yielding
755 trading days.

NYMEX o ers monthly futures contracts with expirations listed for the current year, the
next 8 calendar years, and 2 additional consecutive contract months. Therefore, on any given
day, there are at least 99 crude oil futures contracts with di erent expiration dates available for
trading. For each day, we select the futures contract with the greatest volume traded on that
particular day for our analysis. Figure 2.1 displays the time series of daily closing prices (in US

"The full technical speci cation can be found at the CME's website: https://www.cmegroup.com/t
rading/energy/crude-oil/light-sweet-crude_contract_specifications.html
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dollars per barrel) and the daily total traded volume (in contract units, or "lots") of the most
active (in terms of the total traded volume) WTI futures contract. We note that the average
daily volume in our sample is 660,431 contracts. However, there is a considerable variation of
the total daily trade activity present in our sample, as the daily standard deviation of 158,038
contracts documents.

For each trade entry, we possess information about the trade time (stamped to the nearest
millisecond), price, volume, and aggressor side identi cation (depending on whether the trade
was buyer- or seller- initiated). We note that the knowledge of the side of the order book on
which each trade occurred constitutes valuable information that eliminates the neccessity to
estimate the aggressor side of trade using classi cation algorithms (i.e., Lee and Ready (1991)).

Figure 2.2 displays the average daily traded volume pro le at one-minute aggregation. The
time interval displayed in Figure 2.2 is 3 am. -5 p.m. ET (9:00 - 23:00 Central European
Time (CET)), because this accounts for the absolute majority of the daily traded volume. We
note that, not only does the number of contracts traded vary across days, but there is also
signi cant variation in trading activity within each trading day. The structure of this intraday
liquidity pro le shows a rapid increase in trading activity occuring exactly at 9 a.m. ET, and a
considerable surge just before its rapid decrease after 2:30 p.m. (corresponding to the crude oil
pit opening and closing times at NYMEX, occurring at 9 a.m. and 2:30 p.m. ET). On average,
at the peak time just before the pit closes, more than 4,000 units of the most liquid maturity
contract are traded per minute.

2.3.2 US Crude Oil Inventories

Another type of data used in this study is the weekly announcement data on the levels of
crude oil inventories in the United States. The two main announcements used by investors
to assess changes in the amounts of inventories (and hence, weekly changes in the nation's
overall demand for and the supply of crude oil) are the Weekly Statistical Bulletin report by
the American Petroleum Institute (API) and the US Department of Energy (DOE) report by
the Energy Information Administration (EIA). We refer to the two reports as the API and the
DOE.

The usual schedule of report releases is as follows: the API report is released each Tuesday
at 4:30 p.m. ET (usually 22:30 CET) and the DOE report is released each Wednesday at 10:30
a.m. ET (usually 16:30 CET). If a Monday is a holiday, the API report is released on the
following Wednesday at 4:30 p.m. ET and the following DOE report is released on Thursday at
11:00 a.m. ET.

The industry group API represents various American manufacturers, producers, distributors,
and re neries of crude oil and petroleum products. The Weekly Statistical Bulletin published by
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Figure 2.1: WTI futures most active contract time series. Panel A displays the daily closing
prices in USD per US barrel. Panel B displays the daily traded volume of the most active futures
contract. One unit (one lot) of the WTI futures contract represents 1,000 US barrels. Time
period observed: January 3, 2017 - December 31, 2019. The horizontal line displays the sample's
average daily volume of 660,431 lots.

this group is based on information that is disclosed by these companies largely on a voluntary
basis. One of the major variables included in the report is the current overall level of crude oll
inventories. The other related categories include, among others, motor gasoline, kerosene jet
fuel, and distillate fuel oil inventories as well as data on imports, re nery input and container
capacity. At the time of its publication, the data is available solely to subscribers through
Thomson Reuters, however, historical data on the crude oil inventories changes reported in
these documents is readily available online, at, for examplehttps://www.tradingfloor.com

or https://www.investing.com

Conversely, the Energy Information Administration publishes its weekly Petroleum Status
Report at the institution's website and the key gures are immediately published via Bloomberg,
Thomson Reuters, and other information agencies. Contrary to the voluntary information sub-
mission of the API report data, EIA directly requires major oil and petroleum related companies
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Figure 2.2: The average traded volume of the most active WTI futures contract by minute
for the 3 a.m. - 5 p.m. ET (usually 9:00 - 23:00 CET) part of the trading day. This average
daily pro le is calculated throughout the January 3, 2017 - December 31, 2019 sample.

to submit their inventory levels information. Any intentional misreporting or non-compliance
with these requirements is punishable by law. Beyond changes in total crude oil inventories,
other published data include, for example, gasoline and distillate fuel inventories and total US
crude oil re nery inputs, gasoline production, and crude oil imports.

We focus on the principal indicator published in both reports, the change in the total US
crude oil inventories (expressed in barrels), excluding the inventories in the Strategic Petroleum
Reserves. We collect the weekly data for the period from 2017 to 2019 for both the API report
(we obtained the data from https://www.investing.com/economic-calendar/api-weekly
-crude-stock-656 ) and the DOE report (we obtained the data from Bloomberg). The three
year data sample used in this study contains 156 weekly APl announcement values and 156
corresponding weekly DOE values. We also possess information on the actual absolute level of
US crude oil inventories at the beginning of our sample - on January 5, 2017, a decrease in the
US commercial inventories of 7.05 million barrels from the previous week was reported, and the
absolute inventories amounted to 479.012 million barrel§.

A graphical and statistical summary of crude oil inventory data appears in Figure 2.3 and
Table 2.1. Panel A in Figure 2.3 displays the overall level of crude oil inventories in the United
States. Throughout our sample period, inventory levels reached a peak of 535.5 million barrels on
April 5, 2017 and a trough of 394.1 million barrels on September 19, 2018. The remaining panels
summarize the time series of the announced weekly changes in US crude oil inventories for the
two reports, and the time series of their cross-di erences. Not surprisingly, we observe that the
API and DOE time series exhibit a substantial degree of positive cross-correlation (correlation
coe cient equal to 0.74). However, weeks during which noticeable discrepancies between the

8https://www.eia.gov/dnav/pet/hist/LeafHandler.ashx?n=PET&s=WCESTUS1&f=W
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Figure 2.3: Upper panels: weekly time series of the level of US crude oil inventories and
the changes in oil inventories as reported by the API and DOE reports. Lower panels: Time
series of the weekly di erences between the two reports and their corresponding scatter plot and
histogram.

two reports exist are not uncommon. The largest di erence in our sample corresponds to DOE
data published on December 6, 2018, when the data reported a weekly decrease of 7.323 million
barrels of inventories, while the API data published earlier the same week projected an increase
of 5.360 million barrels, resulting in a discrepancy of more than 12 million barrels. The futures
price reacted to this news with a sharp rise of more than 60 cents per barrel within minutes,
equivalent to more than a 1 percent increase in price.

Denoting by AP 14 (DOE %) the change in inventory levels as announced in the API (DOE)
report during week w, we infer from Table 2.1 that, while both the API (column AP14) and
the DOE (column DOE %) time series exhibit relatively strong signi cant autocorrelation (of up
to the third order), their cross-di erences (column DOE/4  API4) are negatively rst-order
autocorrelated. Moreover, the rst di erences of both inventory changes time series (columns
APIA APIA [ and DOEXA DOE}J ;) exhibit strong negative rst-order autocorrelation,
suggesting that a positive change in inventories is more likely to be followed by a negative
change over the next week and vice versa. The overall distributions of the API and the DOE
data are reasonably similar, spanning the interval of -14.5 to +14.5 million barrels, being sym-
metric roughly around zero, slightly positively skewed and having the standard deviation of
approximately 5 million barrels.
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Table 2.1: Summary statistics of API, DOE and the surprise candidates time series.

Summary statistics of the time series based on the reported and forecasted APl and DOE
inventory changes, and boxplots of the distributions of these time series. For week, the actual
API (DOE) value is labeled AP1/ (DOEA) and the corresponding week's analysts' median
forecasts of the DOE value is labeledOE,. The Min, Median, Mean, Max, and Standard
Deviation statistics, as well as the displayed boxplot data, are expressed in thousands of US
barrels. For the ACF, the (*) sign highlights values that are signi cant at the 5% level. JB
represents the Jarque-Bera test.

Panel A: API Report Time Series & Three Surprise Candidates

Time series: API A APIh DOEf APIS DOEJS ; API4 APIS 4
No. of Obs. | 156 156 155 155
Min -11190 -8250 -11975 -15540
Median -515 136 -105 460
Mean -328 244 -30 -3
Max 14230 11730 15937 13630
St. Dev. 5195 4448 5963 6559
Skewness 0.082 0.226 0.203 -0.081
Kurtosis 2.578 2.270 2.405 2.116
JB p-value | 0.513 0.091 0.187 0.074
ACF(1) 0.195* -0.145 -0.450* -0.518*
ACF(2) 0.248* -0.012 -0.019 0.009
ACF(3) 0.270* 0.126 -0.026 0.111
Panel B: DOE Report Time Series & Three Surprise Candidates
Time series: DOE DOE/, DOE{, DOEj API, DOE/, DOE} ;
No. of Obs. | 156 156 156 155
Min -12788 -11647 -12683 -13897
Median -390 405 -55 -209
Mean -287 287 42 10
Max 13830 11330 9024 18469
St. Dev. 5213 4429 3718 6107
Skewness 0.009 -0.049 -0.017 0.146
Kurtosis 2.499 2.748 3.210 2.938
JB p-value | 0.441 0.788 0.863 0.750
ACF(2) 0.310* -0.048 -0.255* -0.513*
ACF(2) 0.342* 0.116 -0.110 0.136
ACF(3) 0.188* 0.042 -0.054 -0.087

2.4 Methodology

2.4.1 De ning the Announcement Surprises

The level of crude oil inventories is one of the most closely watched oil market indicators. As is

usually the case with publications of crucial macroeconomic data, these announcements are also
accompanied by ex ante estimates of upcoming values. These estimates are usually based on
surveys of professional analysts, forecasters, and market practitioners, and are released by various
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information agencies during the days leading up to announcements of the o cial numbers. In
our study, we also possess weekly survey median estimates for the DOE report data published by
Bloomberg. These survey estimates are often used in the literature as prior market expectations
of the announced values and the market reaction to the actual announcement is often evaluated
with respect to market surprise, de ned as the di erence between the actual and the expected

values of the announcement.

Before we evaluate the impact of each announcement event, we must, however, specify each
announcement's prior market expectation. Once the prior expectation is de ned, the market
surprise associated with each announcement is then simply calculated as the di erence between
the announced value and the prior expectation. In this section, we select the particular de nitions
of market prior expectations out of four possible candidates for each type of the report.

We possess three report-related time series: weekly announced API values (denoteB | /5,

DOE values, also accompanied by DOE survey forecasts (denot&OE /4 and DOE ). For each
w, we also denote the set of all values known before the weekis APl (DOE) announcement by
P! IDOE  Assuming this notation, we consider the following four prior expectations to be

candidates for both reports:

8 8
§ §
DOE|, DOE,

E APIAJIAPT = ; E DOEJjIPOE = (2.1)
DOEJ , API A
“APIA - DOE#

Therefore, for each report, we consider a naive market expecation of zero, an expectation
equal to the reported median survey forecast of that week's DOE report, an expectation equal
to the nearest previously announced inventory value (considering both report types pooled to-
gether) and an expectation equal to the previous reported value, considering each report sepa-
rately. We note that, due to the commercial subscription nature of the API report, we do not
possess survey data for the APl announcements. However, since the corresponding DOE data
is usually published within 24 hours following the API report, the DOE survey forecasts are
always readily available before the API report is published. Therefore, the valu®OE {, may be
considered an element belonging tb4”' and the second possible candidate for the API market
expectation variable can be de ned.

When a market expectation is speci ed, the market surprise associated with the week'w

9This approach is taken, for example, by Andersen et al. (2003), Bu (2014), Armstrong, Cardella,
and Sabah (2017), and Bjursell, Wang, and Zheng (2017).

65



Figure 2.4: Correlation coe cients between the valuespi+s pr and various (non-normalized)

reports (Panel A: API, Panel B: DOE), where p; is the log price of the WTI futures contract
just before the announcement release anp. s is the log price s seconds after. For each panel,
we consider four di erent surprise de nitions as described in equation 2.1 and labeled in the
legend. Each correlation coe cient is calculated based on 156 weekly (surprise valugi+s pt)
pairs. We chose the maximum time horizon of 5 minutes for graphical illustration purposes, as
the correlation trajectories stabilize beyond this time horizon.

API| announced value is de ned as:
SURN! = APIA  E[APIA 147! (2.2)

and analogously for the DOE report. For the sake of robustness, we consider not only the
surprise de ned as the absolute di erence between the announced and the expected value, but
also its relative di erence relative to the most recent total size of US inventories (denoted as

INV w):
APIA E[APIA 1APT
INV !

SURNAP! = (2.3)

and, again, similarly for the DOE report.

The statistical properties of all four (non-normalized) surprise candidate time series for both
reports are displayed in Table 2.1. We note that all time series are roughly centered around
zero and overall possess similar distributional properties. While the original APl and DOE
reported values are signi cantly positively autocorrelated (at least up to the third lag), their
rst dierences (API/S API%. ;and DOE/s DOE/ ,, respectively) are strongly negatively
autocorrelated within the rst lag. The other surprise time series are either not autocorrelated
at all, or are negatively rst-order autocorrelated.

Out of the four surprise candidates for each report (de ned in 2.1), we select the one that
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correlates most closely with the post-announcement price discovery dynamics. Figure 2.4 dis-
plays the correlation coe cients between each of the four considered surprise candidates and the
post-announcement log-returns of the WTI trade prices. The log-returns are calculated relative
to the price prevailing immediately before the announcement, and are evaluated at a sequence of
WTI prices sampled from one second to 300 seconds (5 minutes) after each announcement. The
maximum time horizon of 5 minutes is chosen for graphical illustration purposes, as the corre-
lation trajectories stabilize beyond this time horizon. Panel A considers the APl announcement
and the four non-normalized API surprise candidates. We note that all the estimated correlation
coe cients are strongly negative, in line with our expectations, implying that a positive surprise
(higher-than-expected inventory levels) tends to lead to a negative price shock. Not only does
this price shock follow the announcement almost immediately, the price e ect is persistent over
the 5 minute period after the announcement as well. Out of the four surprise candidates, the
one that is most strongly negatively correlated with the WTI price returns is the second surprise
candidate, de ned asAPI1/ DOE/, (grey line). We conjecture that the second market prior
candidate, the DOE survey forecast DOE ), is the most suitable choice for the market's prior
expectations for the API report.

Similarly, Panel B of Figure 2.4 displays the surprise candidate - WTI return correlations for
non-normalized surprise candidates for the DOE announcement. In this case, the third surprise
candidate (green line) appears to be the most strongly negatively correlated in a persistent
manner, with all the estimated correlations below -0.6 during the ve minute interval after the
announcement. We therefore choose the third surprise candidate, de ned &80E; API4.
When we consider the normalized surprise values, all the estimated correlations are almost
identical, leading us to the same conclusions.

Interestingly, rather than the median value of the survey of professional forecaster©QE ),
the same-week actual reported API value AP | %) is our choice for identifying the market prior
expectation for the corresponding DOE report. We note that this de nition of the announcement
surprise is in line with the fact that the nature and the informational content of both reports
should be similar, according to their respective data providers (as the API website states, "API
collects an exact copy of the data submitted to EIA. Respondents send data to API using the
same weekly survey forms that EIA uses. (...) It is true that companies voluntarily send API a
copy of the data they send to EIA; however, the fact that they do so voluntarily is irrelevant.
Both API and EIA are on record stating that their reported weekly data cover roughly 90% of
the industry. Since API and EIA need only estimate the remaining 10%, di erences in their
weekly estimates can be largely attributed to statistical noise.")1°.

Thus, in this study, we employ the following de nitions of the (normalized) surprises associ-

10See the Q&A at https://www.api.org/products-and-services/statistics/api-weekly-stat
istical-bulletin
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ated with the weekly APl and DOE report announcements:

APl DOE],
INV

DOES APIS
INV

SURNAP! = ; SURNDOE = (2.4)

2.4.2 The Classical PIN Model

In their seminal work on market microstructure, Easley et al. (1996) develop the following model:
trading is viewed as a periodically repeated game between market makers (liquidity providers)
that quote bid and o er prices, and market takers (aggressive traders), that react to these bid
and o er quotes. Each market maker is assumed to be risk neutral and behaves competitively.
At any point in time, the market maker quotes bid and o er prices, ready to buy or sell one unit
of a risky asset.

[0; T]. At the beginning of each period, two states of the world may occur: either an information
event has occurred (with probability 2 (0;1)) or a no-information event has occurred (with
probability (1 )). These events are generated independently across periods. Assuming that
in period i a "good news" information event has occurred, the underlying asset is assumed to
be worth V; and the probability of the "good news" event equals(1 ). Correspondingly,
the probability of a "bad news" event, under which the asset is worthV; <V, is assumed
to be equal to 2 (0;1). After the end of each period, the value of the asset is realized and
made public. If no news event has been realized, the prior value of the asset is assumed to be
V. = V;+(1 )Vi, satisfying V; <V, <V,;.

There are two types of aggressive traders: informed and uninformed. Given the three possible
states of the world (good news, bad news, no news), trade orders from informed investors are
assumed to arrive according to the Poisson process at rate These informed investors always
buy under the good news event, always sell under the bad news event, and do not trade under
the no news event. Uninformed buy and sell traders arrive under all three possible states of the
world according to the Poisson process at raté. All Poisson processes are mutually independent.

n

The market maker knows the values of; ; ; and therefore also knows the ex ante infor-
mation events probabilities (equaltol ; (1 );and for the good news, bad news, and no
news events, respectively). However, he does not know which state of the world has occurred.
The market maker therefore uses Bayesian updating in order to infer the ex post probabilities of
information events based on the types (buy or sell) and rates of arrival of the aggressive traders'
orders. We denote the market maker's prior belief about the no news, good news, and bad news
state of the world at time t as P (t) = ( Pn(t); Pg(t); Pp(t)).

At time t, the market maker sets the bid and ask pricesE;; At) in such a way that these
prices correspond to the expected value of the asset conditional on the market maker's tinte-
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prior beliefs P (t) and the fact that a counterparty is willing to sell or buy. For example, assuming
that a sell order arrives at time t (and denoting this event asS;), by the Bayes rule, the market
maker's updated (posterior) belief about the no news event at time equals:

Pn(tjSt) = anE:)zt)

The corresponding conditional probabilities of good and bad news events may then be expressed
as:
Py(t)"

Po()(" + ).
"+ Ppy(t) '

"+ Pyl

The market maker's bid price on dayi at time t is thus equal to:

Py(tjSt) =  Po(tjSt) =

Pa(t)"V; + Po()(" + IV + Py(t)'V
0 '

Bt = Pn(tiSH)Vi + Pg(tiS)Vi + Py(tiS)V; =

Analogously, the ask price may be written as:

Pa(t)"V; + Po(t)"V, + Py(t)(" + )Vi.
"+ Py(D) '

At=

Algebraic manipulation of these expressions leads to the following bid-ask spread at time
denoted as = A;y By:

Pg(t) Vi E[jt] + Py(t)

R o MY @9

t =
with the conditional expected value of the asset at timet being equal to:

E[Vijt] = Pa()V; + Pg(t)Vi + Pp(t)V;:

Equation 2.5 implies that the bid-ask spread is equal to the sum of the probability of an
informed buy trade, multiplied by the expected loss incurred due to the fact that the buyer is
informed, and of the symmetric term corresponding to an informed seller. The market maker
thus sets the spread in order to protect against the adverse selection he is exposed to because of
the possibility of the arrival of an informed trader. This probability of an informed trade (P1) is
the central element of the model and may be written as the sum of the probabilities of informed
buy and sell trades expressed in equation 2.5, that is:

Po) . P _ (L Pu(t)

PIO= 55 "7 e @ Pamy+2

Assuming that the probabilities of good and bad events are equal (= 0:5), the probability
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of informed trading at time t = 0 equals:

PI1(0) =

ok (2.6)

and the spread at the day open becomes:

o Vi Vi

In this model, Easley et al. assume that we observe the total numbers of buyer and seller
initiated trades for each day: f XV, 9i|=1- Based on this observed data, the parameter vector
M =(;;;" ) can be estimated by maximizing the product of the daily likelihood functions:

Y
L MjfXi;Yigde;, = L(MjXi;Y);
i=1
where the daily likelihood function can be written as a weighted sum of observingk buys and
Y sells on the no news, bad news, and good news days, with the weights corresponding to the
probabilities of such days occurring:

vy = g (T (T a CTY Canr (C +T)Y
L(MjX;Y)=(1 e T € T vi TTG( )TT

oyt (C+ D (TYY
e (TR —i——e T

+ @ )

2.4.3 The VPIN Model

The PIN metric assumes that the beginning of day probability of informed trading (denoted
as P1(0), equation 2.6 above) is constant over the observed period = 1;:::;1. Therefore,
assuming that the probabilities of information events and the corresponding rates of order ow
are constant as well, such "stationarity" of the model can be used to directly estimatd® | (0).

Easley, de Prado, and O'Hara (2010) enhance the PIN metric in a way that enables more
frequent updating of the probability of informed trading throughout the day. This approach
accounts for the fact that information events do not arrive regularly, can arrive multiple times
each day, and can di er in their importance and potential to a ect the current value of an asset.
In today's futures markets, which are dominated by high-frequency trading, such aspects of
information arrival need to be accounted for in any metric that aims to estimate the probability
of informed trading and the degree of adverse selection that it accompanies.

The main result that serves as a transition to the new metric is the analysis by Easley et al.
(2008), in which informed and uninformed traders' arrival rates are no longer assumed to be
constant, but rather follow a time-varying probability distribution, similar to a GARCH-type
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process. Under these assumptions, the authors show that, for a given time period, the PIN can
be approximated as follows:

E[Vs V],

PIN = :
+2"  E[Vs+ Vsl

2.7)

where Vg ; Vs represent the aggregate volume of buyer and seller initiated trades over the period.
Informed trade intensity from equation 2.6 is therefore approximated by the expected volume
imbalanceE [Vs Vg] in equation 2.7, while the total trade intensity + 2" is approximated
by the expected total volumeE [Vs + Vg].

The second important building block in developing the enhanced metric is the transfer from
clock-time to volume-time. In particular, instead of assuming that the probability of informed
trading remains constant over time, the new metric allows for this probability to be updated each
time a pre-determined amount of volume is traded. Easley, de Prado, and O'Hara (2010) argue
that a given amount of traded volume (also referred to as a volume bucket) represents a given
amount of corresponding new information. When there is relatively little new information, trade
(and volume) intensity is smaller, and it takes a longer period of time before an entire volume
bucket is traded. Likewise, when new information arrives, informed traders have an obvious
incentive to trade on this information as quickly as possible, and trade intensity increases.
Consequently, additional volume buckets are traded in a shorter period of time. Arguably, the
more relevant and more surprising the new information is, the greater the increase in trading
intensity will be, and the volume buckets Il more quickly. The new metric allows for updates of
the estimated probability of informed trading after each volume bucket completion, which, based
on the choice of the volume bucket size, can occur many times per day. Therefore, this enhanced
metric is referred to as the Volume-synchronized Probability of Informed Trading (VPIN).

The VPIN calculation procedure can be summarized as follows:

1. Inputs: The information about trades containing the time, volume, and the aggressor side
(buyer or seller initiated) of each tradel!

Parameters: the size of one volume bucketH) and the length of the moving average
required to calculate one VPIN measure If).

2. The trade data is aggregated into consecutive volume buckets, where each volume bucket
contains an equal number of contracts traded (chosen aB). If the volume of a trade that
would complete a volume bucket is greater than the volume remaining in that bucket, the
trade is divided into appropriate sub-trades, and each sub-trade is treated individually.

when the information on the aggressor side of the trades is not available, a trade classi cation algo-
rithm, such as the Lee and Ready (1991), or the Easley, de Prado, and O'Hara (2012) bulk classi cation
algorithm can be used.
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sum of traded volume of each bucket is equal t@®. The remaining trades left at the end
of the day that would not Il an entire volume bucket are disregarded.

3. For each volume bucketh, we calculate the total volume of buyer initiated trades and
denote it as Véi). Similarly, the total volume of seller initiated trades will be Vs(i) =
B Véi). The order imbalance corresponding to the volume buckeb is then de ned as
the absolute value of the di erence of the total traded volume of buyer and seller initiated
trades:
ol M = jv v

4. The VPIN, known after volume bucket b has been completed, is then calculated as the
moving average of the lastn order imbalances:
19<1 JVB(I i) VS(I J)J jr]:OlOI(| J).

VPIN; = = — — = M T o )
njzo VB(l J)+VS(| i) nB

We note that the VPIN is an asynchronous measure by de nition because it is not updated
regularly each predetermined number of seconds. Rather, a predetermined number of contracts
need to be traded before another update of the VPIN value arises.

2.4.4 Hypotheses Formulation

We apply the VPIN calculation procedure described above to the WTI crude oil futures trade
data at our disposal. A patrticular interest of this study is in quantifying the dynamics of the
VPIN indicator around the US crude oil inventory announcement dates, taking into account the
two kinds of inventory reports (DOE and API) separately. Publication of the crude oil inventory
data is generally accepted as a major macroeconomic event with considerable market impact
(Chang, Daouk, and Wang (2009), Bu (2014), Anatolyev, Seleznev, and Selezneva (2018)).
This study also documents that rapid and substantial changes in the post-announcement price
discovery process are indeed observable in the WTI futures market for both APl and DOE
reports. These regular announcement events can therefore function as an appropriate setting
for event study investigation of the VPIN indicator dynamics. In this section, we formulate
the general null hypotheses the validity of which we aim to investigate. We also provide their
testable versions and descriptions of the empirical testing strategies we employ.

" Hypothesis 1

On API (DOE) announcement days, the probability of informed trading as measured by
VPIN before an API (DOE) announcement does not signi cantly di er from the value
after the APl (DOE) announcement.
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Hypothesis 1 aims to test the essential required property of the VPIN metric, that it
is able to capture the dynamics of informed order ow. Because we hypothesize that
inventory data publications are accompanied by an increase in the intensity of informed
order ow, we expect that VPIN will, on average, tend to increase in value shortly after
the announcement. Moreover, we expect that the probability distribution of such VPIN

changes will not be symmetric around zero.

In order to empirically test this hypothesis, we employ two paired tests: the paired Stu-
dent's t-test and the non-parametric Wilcoxon signed rank test. We note that a similar
approach has been used, for example, in event studies by Dimp (2011) and Bash and
Alsai (2019). Considering one announcement type, for weekv's announcement day, we
calculate the overall level of VPIN before the announcement as the average of the last
VPIN values observed immediately before the announcement time, and denote this value
as V PINBe®®  Similarly, we calculate the overall post-announcement VPIN as the
average of the rst m VPIN values observed immediately after the announcement and
denote it asV PIN{" ™" _ For a xed value of m, this procedure yields at most 156 pairs

weeks of sample data. For robustness purposes, we consider the following grid of values
of the parameterm : 1;2; 3; 5; 10.

For a given m and a given inventory report category, the Student's t-test version of the
null hypothesis then becomes:

h i
HE® B vPINBefore vy pymAfer =g (2.8)

Likewise, we use the non-parametric paired Wilcoxon signed rank test to test the following
null hypothesis:

HS™® : The distribution of V PINBefore v p N M™After s symmetric around zero.
2.9)

The following Hypotheses 2 and 3 are evaluated separately for the APl and for the DOE
report using linear regression estimations. We use the Newey-West estimator of the co-
variance matrix of the coe cient estimates to account for possible heteroskedasticity and
autocorrelation in the residuals. In this respect, we follow recent VPIN studies by Che-
ung, Chou, and Lei (2015), Armstrong, Cardella, and Sabah (2017) and Yildiz, Van Ness,
and Van Ness (2020). We describe the de nitions of the variables entering each regression
below.

Hypothesis 2

73



a) On API announcement days, the magnitude of the VPIN change around an API
announcement does not depend on the magnitude of the API surprise.

b) On DOE announcement days, the magnitude of the VPIN change around a DOE
announcement does not depend on the magnitude of the DOE surprise and does not
depend on the magnitude of the corresponding previous API surprise.

We thus hypothesize that the more surprising the announced inventory value is relative to
the previously de ned market expectation, the greater the incentive of market participants

to trade on the new information as quickly as possible will be, and hence the greater the
magnitude of the post-announcement informed order ow increase will occur. Rejection of
Hypothesis 2 will lead us to assert that the VPIN metric indeed captures the potentially
rapid changes in the informed trading intensity in a continuous and directional manner.
To empirically assess this hypothesis, we estimate the following set of linear regression
models, regressing post-announcement changes in VPIN on the announcement surprises
variables.

Considering rst the APl announcement, for each announcement dayw and for a given
m, we calculate the overall change in the magnitude of VPIN as the di erence between
the average ofm VPIN values following immediately after the announcement, and the
average ofm VPIN values immediately preceding the announcement (this is the same as
for Hypothesis 1) and de ne this di erence asY,\™"' ) = v PINAer v p N Before
We relate this change in VPIN around the announcement to the normalized API surprise
variable SURNAP', de ned in 2.4. In order to establish the robustness of the results, we
again iterate the parameterm over the grid of values 1, 2, 3, 5, 10. Since we hypothesize
that both large positive and large negative values of surprises tend to be associated with
greater increases in informed trading activity, we assume a quadratic relationship between
the announcement surprise and the change in VPIN. Therefore, for a givem, we estimate

the following linear regression:
. . . . 2 o(m
Yv\(/m’API ) = (mAPI) + (m;AP1 )SU RNVePI + (m;AP1 ) sSuU RNvepl + \(Nm,API ) (210)

Similarly, for the DOE report and a given m, we calculate the value VSm;DOE ) analogically

to the API case and the magnitude of the DOE surprisesSURNCF de ned in 2.4. Because
we also aim to estimate the e ects of the preceding API surprise on changes in VPIN
around the DOE announcement, we estimate the following regression model:

YV\(Im;DOE ) = (mDOE) . (mDOE )SU RNV?OE + (mDOE) SuU RN\SOE 2 (2 11)
+ (mDOE )SU RNvepl + (mDOE) SuU RN@PI 2+ "\(Nm;DOE) |
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The testable versions of the null hypotheses then correspond to joint F-tests of signi cance
of all the regression coe cients with the exception of the intercept in regression models
2.10 and 2.11:

H(()Z;API) - (MAP1) —  (MAPI) _ (- (2.12)
HéZ;DOE) . (mDOE) - (mDOE) - (mDOE) - (MDOE) _ (. (2.13)

Hypothesis 3

On API (DOE) announcement days, the change in the value of VPIN shortly before an
API (DOE) announcement is not associated with the magnitude of the corresponding API
(DOE) surprise.

In this hypothesis, we are interested in the potential predictive ability of the changes in
the intensity of informed trading shortly before the announcement time on the magnitude
of the corresponding announcement surprise. First, we need to de ne a metric that will
capture pre-announcement changes in VPIN behaviour. We do this by taking the di erence
of the last recorded pre-announcement VPIN value Y PIN {-%P! )y and the moving
average of them VPIN values immediately preceding this last recorded pre-announcement
value. We denote this moving average a&\V GV PINV(Vm);API . In this case, we iterate the
parameter m through the values 1, 2, 3, 4, 5. Giverm, the dependent variable for the
API regression is then denoted aX (™' ) = v PIN{PT)  Av ey PIN{™AP! | The

values for the DOE report are again calculated analogically.

A relatively large value of X thus represents a relatively large increase in informed trading
activity (as measured by VPIN) occurring shortly before the announcement is released.
The dependent variables, representing the magnitudes of the surprises, are calculated
as the absolute values of the normalized surprises de ned in 2.4. Therefore, we do not
distinguish between large positive and large negative surprises, because we assume that
both types of surprises may be exploitable by potential informed traders. We next estimate
the following regression models:

jSuU RNV/\->P| j= (MmAPL) 4 (MAPI )X\fvm;AP' ) 4 "\(Nm;API )

' _ . . (2.14)
JSU RNV?OEJ — (mDOE) + (m;DOE )X\svm,DOE ) + n\(Nm,DOE )

The testable versions of the null hypotheses thus correspond to the signi cance tests of
the slope regression coe cients:

Hés;API) . (MAPI) _ - (2.15)
Hc()s;DOE) . (MDOE) — - (2.16)
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As noted earlier, we apply the Newey-West standard errors estimator to account for the
potential heteroskedasticity and autocorrelation in the residuals whenever possible. Additionally,
we note that, in all regression models, we also investigate the sensitivity of the results to the
inclusion of additional explanatory variables, insofar as the relatively limited sample sizes of 156
weekly observations permit. In particular, we include quarterly dummy variables and the overall
daily standard deviation of the WTI log-returns as additional regressors. However, we nd that
the results are highly robust to the inclusion of these variables and for the sake of brevity, we
report the regression results corresponding to the equations speci ed above.

2.5 Results

We now analyze potential relationships between the weekly published levels of crude oil in-
ventories for both reports and the WTI futures price discovery process, both from the price
adjustment, as well as from the order ow toxicity (as measured by VPIN) perspectives.

2.5.1 Market Reaction to Announcements

In this section, we graphically summarize the price and volume reactions of the WTI futures
contracts to both announcement events. To illustrate the strength and importance of these events
as perceived by market participants, we also compare these characteristics with the corresponding
time periods on days during which no announcements occurred.

Figure 2.5 displays the time development of the most liquid WTI futures contract price, sam-
pled at one second frequency for the time window starting 30 minutes before the announcement
and ending 30 minutes after the announcement for both API (Panel A) and DOE (Panel B)
announcement events. For comparison purposes, price trajectories on all days without the two
announcement events during the corresponding time windows are displayed in Panel C (non-API
days) and Panel D (non-DOE days). Panels A and B display 156 time series each, while panels
C and D display 599 time series each. Each price time series is normalized so that its value at
the particular reference (event) time equals 1. Therefore, by design, all time series cross the
value of 1 at this reference time.

Time series displayed on Panels A and B are colored according to the magnitude of the
announcement event surprises, de ned earlier a&P 15 DOE, for the API report and DOE §

AP | A for the DOE report. The positive values of the surprises (representing surplus inventories)
are distinguished using blue shades, while the negative values (representing inventory shortages)
are distinguished with green.

Additionally, Figure 2.6 displays the average traded volume by the number of WTI futures
contracts per minute during the time window starting 30 minutes before and ending 30 minutes
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